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ABSTRACT
The global population is increasing in size and economic aﬄuence, and sustain-
able intensification of agriculture is necessary to meet projected fuel and food de-
mands without increasing input of limited resources like water. One approach to
sustainably intensify agriculture is to improve the productivity of food and biofuel
crops by increasing photosynthetic efficiency through modulation of canopy features.
Sorghum is the world’s fifth leading cereal crop and a promising bioenergy crop, and
represents a useful target for crop improvement. Genetically engineering sorghum
canopy architecture ideotypes for target production environments is facilitated by
combining mathematical modeling, in silico simulation, field experimentation, and
genetic analyses to determine optimal combinations of traits and the genetic net-
works regulating those traits, and this dissertation describes work towards this end.
First, a model to improve calculations of genetic linkage in plant recombinant inbred
line populations was developed so that regions of the genome associated with pheno-
typic variation can be more accurately defined. Second, functional-structural plant
modeling was combined with field experimentation and genetic analyses to quantify
the influence of leaf angle, a canopy architecture trait, on plant productivity, as well
as to identify genomic loci regulating leaf angle. Third, a bioenergy sorghum crop
model was parameterized to predict production of lignocellulosic biomass; this model
was extended to explore how different canopy transpiration strategies influenced the
end productivity of the crop and identify transpiration strategies yielding optimal
water use. Continued progress in this work will provide ways to evaluate germplasm
performance in silico and guide field testing for crop improvement.
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1. INTRODUCTION
Agricultural demands imposed by global population growth and expansion of
the middle class is projected to require a doubling of food production by the year
2050, but yield gains of major agricultural crops have plateaued (Godfray et al., 2010;
Alexandratos and Bruinsma, 2012; Foley et al., 2011; Tilman et al., 2011). For cereal
crops, the projected and current yield trends of 0.9% yield gain per year since 2007
would be sufficient to meet projected food demands (Godfray et al., 2010; Porter
et al., 2010; Mueller et al., 2012; Alexandratos and Bruinsma, 2012). In addition
to greater caloric demands, this more aﬄuent population will also consume for fuel
leading to increased energy demands. However, to meet projected demands without
any further agricultural innovation would require a scaling of production that would
require greater input of land, fertilizer, pesticide, and water. Given that fertile land
and fresh water are already limited resources, further expansion of resource intensive
and destructive agricultural practices is undesirable. In light of sustaining the global
environment, improving crop yields must prioritize research that expands agricultural
output without further depleting natural resources (Foley et al., 2011; Mueller et al.,
2012). Multiple research foci are developing new crop varieties that offer higher yields
and use less water, fertilizer, and pesticides including studies of drought tolerance,
biofertilizing rhizobacteria, and resistance to pests. This dissertation focuses on
developing and implementing genetic and mathematical modeling tools to improve
crop yields for both energy and food by optimizing crop canopy interception of solar
radiation and water use.
In particular, this work is focused on the improvement of the crop plant Sorghum
bicolor, the fifth most widely grown cereal crop that is also grown for biofuel, sugar,
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and forage. Sorghum utilizes C4 photosynthesis which outperform C3 photosynthetic
grasses in hot and dry environments (Mullet et al., 2014). Sorghum has a relatively
small sequenced genome (Paterson et al., 2009) and is amenable to controlled crosses
and hybrid breeding (Rooney et al., 2007). The research described in this dissertation
will aid in the design of more productive sorghum, and progress in sorghum can be
easily translated to other related agricultural grasses, including maize and rice.
One approach to improve sorghum performance is to genetically engineer de-
sirable traits for target environments. In this way, we can dictate the underlying
regulation of plant phenotypes. In order to design or select genetic ideotypes, we
rely on foundational knowledge of the genetic networks regulating target phenotypes
and how these control development with respect to genetic and environmental per-
turbations. Identification of loci in the genome that are associated with phenotypic
regulation is typically made by finding a correlation between genotypic variation
with phenotypic variation. The identification of such loci can be improved by tak-
ing advantage of information on how tightly linked regions of the genome are with
one another, enabling advanced association mapping analyses like interval mapping.
Interval mapping and related analyses require accurate estimates of genetic linkage
(i.e. an accurate genetic map), and experimental plant populations often display
skewed inheritance schemes that cause linkage mapping estimates to be inaccurate
when estimated using traditional genetic models. The work in chapter 2 models and
implements a method to account for differential zygotic viability of heterozygous loci
in the construction of a genetic map, and the method allows for the retainment and
use of more genetic information. The particular population motivating the devel-
opment of the model and its genetic map has been subsequently used in to identify
genomic loci underlying the regulation of important agronomic traits (Truong et al.,
2015; Hilley et al., 2016; Mccormick et al., 2016). In particular, the population has
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been used to examine the genetic basis of traits influencing canopy architecture and
in consequence on environment interaction (i.e. solar radiation).
Crops intercept photosynthetically active radiation (PAR) from the sun to con-
vert atmospheric carbon into chemical energy to fuel plant processes like grain pro-
duction, crop canopy architecture affects the distribution and interception of solar
radiation. Canopies that optimize PAR interception can potentially increase their
photosynthetic efficiency and, in turn, yield. On a per leaf basis, more optimal solar
radiation distribution is thought to play a role in mitigating heat stress induced by
excess infrared radiation as well as maximizing carbon gain through optimal inter-
ception of PAR for canopy photosynthesis (Zhu et al., 2010; van Zanten et al., 2010;
Song et al., 2013). In certain cropping environments, leaves at the top of the canopy
are often oversaturated in the midday hours (Long et al., 2006; Zhu et al., 2010;
Drewry et al., 2014). Interception of PAR in excess of that needed to saturate pho-
tosynthetic electron transport leads to a decline in energy conversion efficiency and,
in some instances, to photo-inhibition (Zhu et al., 2010; Long et al., 2006; Murchie
et al., 1999). Interception of excess infrared radiation (IR) heats the leaves which
increases vapor pressure deficit (VPD) and transpiration, resulting in reduced water
use efficiency (Nobel, 2005; Ort and Long, 2014). In contrast to leaves at the top
of the canopy, leaves at the bottom of the canopy are often undersaturated for solar
radiation. Insufficient solar radiation can lead to shade-induced senescence, and the
resulting decrease in green leaf area reduces accumulation of nitrogen, a possible
rate-limiting factor during grain filling in modern high-yielding cultivars (Sinclair
and Sheehy, 1999; Hammer et al., 2009; van Zanten et al., 2010). The work in chap-
ter 3 examines the impact of canopy architecture on light interception in canopies
in silico and in field experimentation of the sorghum canopy, identifies quantitative
trait loci (QTL) that regulate leaf angle, a particular crop canopy architecture trait,
3
in mapping populations, and identifies a gene (Dwarf3 ) that changes leaf angle up
to 30 degrees in sorghum.
Whereas solar radiation is often available in excess, water is a major limiting
environmental input for agriculture, and resources that can accelerate the identifica-
tion of, or prioritization of, traits for water-efficient crops will be critical to increase
crop productivity. Identification of traits that confer drought tolerance is challenging
because of dynamic risk-benefit ratios of varying cropping scenarios and the limited
range of environments considered in most studies (Tardieu, 2011). Furthermore,
the focus on a specific drought-tolerance traits and method of detection often ex-
cludes or disregards pleiotropic regulation of other traits. The encompassing trait to
study drought-tolerance is typically connected to transpiration, which is the process
of water uptake from the roots to the shoots and evaporation at the plants aerial
components. For example, limited transpiration is a physiological consequence of a
number of drought-tolerance traits such as stomatal closure in response to increasing
vapor pressure deficit (VPD), inhibition of root water uptake in response to drying
soil, and reduction of leaf area. Biophysically, these traits are connected through
transpiration, whereby water uptake by roots is regulated by the water potential
difference and hydraulic conductivity between the soil-root and leaf-air difference
(Lobet et al., 2014). Genetically, these traits most likely share pleiotropic regulatory
pathways, such as abscisic acid signaling (McAdam and Brodribb, 2015). Chapter 4
describes the construction of a foundational framework for bioenergy sorghum crop
modeling by parameterizing a sorghum crop model using field data for an energy
sorghum hybrid; this model is able to take as input environmental parameters, like
temperature and rainfall, and predict growth trajectories. We further extend the
model to evaluate limiting transpiration traits, characterize benefits in water-limited
environments in order to direct further analysis to determine ideotypes of sorghum
4
in target environments.
The work in this dissertation focuses on mathematically formalizing biological
phenomena and their implementations to make predictions that can direct and ac-
celerate discovery for sorghum crop improvement. The research herein illustrates
this method to and its application to the field of agricultural genomics: (i) model-
ing genetic expectations to improve the association of genotype to phenotype, and
(ii) modeling the physical consequences of phenotypes in their target environments
and in turn its effect on crop productivity. The following three chapters reproduced
manuscripts describing this approach and the insights obtained.
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2. RESOLUTION OF GENETIC MAP EXPANSION CAUSED BY EXCESS
HETEROZYGOSITY IN PLANT RECOMBINANT INBRED
POPULATIONS 1
2.1 Overview
Recombinant inbred populations of many plant species exhibit more heterozy-
gosity than expected under the Mendelian model of segregation. This segregation
distortion causes the overestimation of recombination frequencies and consequent
genetic map expansion. Here we build upon existing genetic models of differen-
tial zygotic viability to model a heterozygote fitness term and calculate expected
genotypic proportions in recombinant inbred populations propagated by selfing. We
implement this model using the existing open-source genetic map construction code
base for R/qtl to estimate recombination fractions. Lastly, we show that account-
ing for excess heterozygosity in a sorghum recombinant inbred mapping population
shrinks the genetic map by 213 cM (a 13% decrease corresponding to 4.26 fewer re-
combinations per meiosis). More accurate estimates of linkage benefit linkage-based
analyses used in the identification and utilization of causal genetic variation.
2.2 Introduction
Linkage maps, or genetic maps, are the relative ordering of and distance between
genetic loci in terms of the frequency of recombination between them. Knowledge
of the linkage between loci is useful for the identification and utilization of causal
1Reprinted from S. K. Truong, McCormick, R. F., Morishige, D.M., and J. E. Mullet, 2014.
Resolution of genetic map expansion caused by excess heterozygosity in plant recombinant inbred
populations. G3: Genes — Genomes — Genetics 4: 1963-1969 under the Creative Commons
Attribution Unported License (http://creativecommons.org/licenses/by/3.0), which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited. Copyright©2014 Truong & McCormick et al.
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genetic variation using techniques like map-based cloning, marker-assisted selection,
and quantitative trait locus (QTL) mapping. Using this linkage information, the
genotype of an observable locus (i.e. a marker) can be used to predict the genotype
at proximal loci (e.g. a QTL), and the correct relative ordering of markers can be
inferred for applications like genome assembly. As such, accurately calculating the
linkage between markers is of practical importance.
For some plant species, including maize and pea, discrepancies in recombination
frequencies exist between genetic maps calculated using recombination frequency es-
timates between markers and cytological maps calculated by observing cytological
manifestations of recombination events with microscopy (Hall et al., 1997a,b; An-
derson et al., 2003). In general, the genetic maps predict more recombination events
per meiosis than the cytological maps observe, and cytological maps are considered
to more accurately represent true recombination rates (King et al., 2002). Two of
the major factors contributing to this disparity include tight double recombination
events and segregation distortion found in marker data (Sybenga, 1996; Knox and
Ellis, 2002). Tight double recombinations are observed when an allele is found in
a phase opposite to that of alleles from adjacent markers within a relatively short
genetic distance (e.g. < 5 cM). The source of tight double recombinations is still
an open question; they could arise from biological phenomena such as mutations
or gene conversions, or they could be (and experiments have shown that they are
generally are) genotyping errors (Broman and Weber, 2000; Broman et al., 1998;
Lincoln and Lander, 1992; Dib et al., 1996). However, the frequency with which
they are observed, even with disparate genotyping technologies, suggest that there
may be an underlying biological process responsible for some of these tight double
recombinations (Sybenga, 1996; Broman et al., 1998). Regardless, because of the
assumptions implicit in genetic map construction, tight double recombinations in
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marker data greatly expand genetic maps. For the purposes of this paper, due to
the dramatic map expansion caused by tight double recombinations and our current
inability to conclusively identify their origins, we treat tight double recombinations
as genotyping errors and set them to missing as commonly practiced in the literature
(Lincoln and Lander, 1992; Broman et al., 1998; Dib et al., 1996).
Similarly, segregation distortion is a commonly observed phenomenon and can
also affect the estimation of recombination frequencies. Segregation distortion is the
observed deviation of a locus from the expected segregation ratio under the model of
Mendelian inheritance, and it generally occurs as a consequence of unequal gametic
or zygotic fitness (e.g. artificial selection, meiotic drive, etc.), or as a consequence of
an error prone marker. While one solution for distorted markers is their removal, the
removal of markers reduces genome coverage, and techniques have been developed
to account for distorted markers by (i) integrating repeated observations in multiple
populations (Wang et al., 2005; Cloutier et al., 2012) or (ii) modeling the differential
viability of gametes or zygotes (Zhu et al., 2007; Xu, 2008; Wu et al., 2007; Lorieux
et al., 1995a,b). Additionally, information on segregation distortion can be used to
aid in the identification of selection and QTL mapping (Xu, 2008).
Multiple reports have documented extensive segregation distortion in plant re-
combinant inbred populations manifesting mostly as excess heterozygosity, and oc-
casionally as reduced heterozygosity (Table S1) (Knox and Ellis, 2002). While the
source of distortion is not conclusively known, it is hypothesized to be the result of a
general selective advantage (or disadvantage) of heterozygote genotypes. Despite the
prevalence of heterozygosity in plant recombinant inbred lines (RILs), the techniques
developed to incorporate distorted markers are not commonly employed. In the case
of retaining markers based on multiple observations, this technique necessitates mul-
tiple RIL populations (Cloutier et al., 2012) which may be too high a barrier given
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some plant generation intervals. Existing methods to model the viability of each
genotype differentially treats each marker pair, and so may suffer from the over-
fitting of large data sets without specific biological models; these have also only been
shown for BC1 and F2 populations (Lorieux et al., 1995a,b; Zhu et al., 2007). In
general, plant geneticists have constructed genetic maps of Ft populations, where t is
the generation interval, by fitting observations to the expected genotype frequencies
of a Mendelian fixed RIL model which relies on assumptions of complete fixation,
no selection, and no mutation; this model is unable to account for proportions of
heterozygosity maintained per generation other than 0.5. If the recombinant inbred
population is treated as though all loci are fixed (as t→∞), yet more heterozygos-
ity was maintained per generation than expected by Mendelian segregation on the
way to fixation, then the recombination frequencies will be artificially overestimated;
not accounting for excess heterozygosity underestimates the number of informative
meioses that can occur prior to fixation. Additionally, treating RIL populations that
have not yet reached fixation as fixed RILs results in the loss of genotypic infor-
mation and makes incorrect assumptions when calculating recombination fractions.
Lastly, in cases where the distortion occurs across the entire genome, such as for
the sorghum mapping population used here, removal of distorted markers under a
Mendelian Ft model would remove the majority of typed markers, causing a dramatic
loss of genetic information.
Here, we build off an existing model of differential zygotic viability to incorporate
a heterozygosity maintenance term for plant recombinant inbred populations and
find a new solution for the genotype probabilities used to calculate recombination
frequencies. We incorporate this calculation for expected genotype frequencies to
account for different proportions of heterozygosity maintained per generation (other
than 0.5) using the open-source genetic map construction code base from R/qtl
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(Broman et al., 2003), and report its efficacy in a simulated RIL population and a
sorghum mapping population.
This modeling allows more accurate generation of genetic maps and retention of
more genetic information by accounting for the biological phenomenon of differential
fitness of heterozygous loci. More accurate estimations of recombination fractions,
and thus linkage, will improve the accuracy of methods that use linkage information
to detect and utilize causal genetic variants.
2.3 Results
2.3.1 Excess heterozygosity generally causes overestimation of recombination
frequencies
To demonstrate how excess heterozygosity expands genetic maps, we plotted the
estimated recombination frequency, rˆ , given genotype counts expected under con-
ditions of excess heterozygosity for different recombination frequencies, r, estimated
using the Mendelian model and using the derived heterozygosity model (see Ma-
terials and Methods for the derivation and implementation). When the genotype
counts for the two markers arise from an excess heterozygosity model for an F7 RIL
population, accounting for the excess heterozygosity when calculating rˆ correctly es-
timates the recombination frequency, r, underlying the data (Figure 2.1). However,
using the Mendelian model to estimate rˆ results in an overestimation relative to the
recombination frequency underlying the data. Overestimation of rˆ decreases as link-
age increases (r ≤ 0.3), and even these small overestimations between many pairs
of markers lead to map expansion proportional to the genetic distance of the region
with excess heterozygosity.
To further demonstrate the effects of excess heterozygosity, we simulated an
F7 RIL population of 1000 individuals with a 200 cM linkage group covered by
10
Figure 2.1: Estimated recombination frequencies, rˆ, under excess het-
erozygosity and Mendelian models. Recombination frequencies estimated from
genotype frequencies under Mendelian expectations (h = 0.5) versus under modeling
a global heterozygosity advantage (h = 0.6373) at generation t = 7 of a selfing pop-
ulation. This shows that if the population was retaining excess heterozygosity (at a
rate of 63.73% each generation as opposed to the Mendelian 50%), then estimating
recombination fractions under Mendelian expectations would lead to overestimation
of the recombination frequency underlying the data and subsequent map expansion.
1000 markers under conditions of excess heterozygosity maintained per generation
(h = 0.6373). Estimating recombination frequencies under a Mendelian model
(h = 0.5) overestimates the map by 18.0% (236.0 cM), whereas accounting for ex-
cess heterozygosity in the genetic model yields a genetic map that differs from the
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simulated distance by only 2.5% (204.9 cM) (Figure A.3).
2.3.2 Incorporation of a heterozygosity term into the genetic model shrinks a
sorghum genetic map
To demonstrate that accounting for excess heterozygosity can shrink the genetic
map of a plant recombinant inbred population (as postulated by Knox and Ellis in
2002 (Knox and Ellis, 2002)), we applied our method to a sorghum recombinant
inbred population displaying excess heterozygosity (Burow et al., 2011). The mem-
bers of the population ranged from F7 to F9 and exhibit more than a 300% increase
in heterozygosity relative to the expected heterozygosity given a Mendelian model:
6.7% observed after our quality control steps versus 1.6% given a Mendelian model
for t = 7 (Figure 2.2). Heterozygosity was present at elevated levels throughout the
genome relative to expectations under a Mendelian model, although some regions
deviated notably from the average (Figures 2.3, A.1, and A.2.1). Previous reports
estimating the genetic map as a RIL that has gone to fixation for this sorghum pop-
ulation range from 1,279 cM to 1,713 cM, a difference of 8.48 recombinations per
meiosis (Table S2) (Hart et al., 2001; Burow et al., 2011; Peng et al., 1999; Mace
et al., 2009; Menz et al., 2002).
The genotype calls for this population were used to parameterize the heterozygos-
ity term, h, by treating the population as an F7 such that HF7=0.067 and h=0.6373
by equation 2.2; u and d were subsequently found by equation 2.3 (Materials and
Methods). Figure 2.3 compares the genetic maps of the sorghum recombinant in-
bred population estimated as an F7 under Mendelian expectations (h = 0.5) on the
left and estimated under the excess heterozygosity model (h = 0.6373) on the right
for each chromosome. Once excess heterozygosity is accounted for, the genetic map
shrinks from 1,603.8 cM to 1,390.6 cM, a 213.2 cM difference corresponding to a 13%
12
Figure 2.2: Excess heterozygosity in a sorghum mapping population. Box
plot of genotype frequencies of 398 individuals of the BTx623×IS3620c recombinant
inbred population. Each individual has a percentage of its genotypes that are ho-
mozygous or heterozygous for a BTx623 parental allele, A, and IS3620c parental
allele, a. The red dashed lines represent the expected genotype frequencies under
the assumptions of Mendelian segregation. The expected heterozygous frequency is
lower than the median observed.
13
decrease, or 4.26 recombinations fewer recombinations per meiosis. As expected,
the derived heterozygosity model behaves identically to the Mendelian model when
h = 0.5 (Table 2.1).
2.4 Discussion
Observations that deviate from a model’s expectations, such as segregation dis-
tortion caused by excess heterozygosity, will generally cause the model to generate
inaccurate estimations; unsurprisingly, excess heterozygosity leads to unexpected
map lengths when the genetic map is estimated under the assumptions of Mendelian
segregation. Here we have shown that the excess heterozygosity present in a sorghum
recombinant inbred population caused map expansion under Mendelian expectations.
However there is no theoretical reason why excess heterozygosity could not also shrink
the genetic map under certain conditions. If we had observed this recombinant in-
bred population in its F3 stage and parametrized an h = 0.6373 (the same amount of
heterozygosity maintained each generation), excess heterozygosity in this case would
cause recombination frequencies to be underestimated under the Mendelian model
(Figure A.1). While this does not agree with the idea that excess heterozygosity al-
ways causes map expansion (Knox and Ellis, 2002), this is not an unexpected result;
our assumptions are dependent on a RIL approaching fixation (t → ∞) in which
case the longer maintenance of heterozygous loci provides more opportunities for
recombination at the given loci. In other words, in the context of the genetic model
derived in Materials and Methods, as t → ∞, the proportion of class 2 genotypes
(Ab
Ab
and aB
aB
) will be larger for populations with excess heterozygosity than those
following Mendelian expectations. Under our model and moderate values of h (e.g.
h = 0.6373), excess heterozygosity is predicted to cause map shrinkage for small
generation values (e.g. t = 3), and map expansion for larger generation values (e.g.
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Figure 2.3: Accounting for excess heterozygosity shrinks the sorghum
genetic map. This plot shows the genetic position of 10,081 markers for two genetic
maps. For each chromosome, the genetic map on the left is calculated under the
Mendelian segregation model. The genetic map on the right is calculated under
the excess heterozygosity model. For all chromosomes (#1-10), the map shrinks by
accounting for excess heterozygosity. The coloring of the markers correspond to the
percentage of heterozygosity at that locus (no heterozygosity, white, to high (> 11%)
heterozygosity, purple). The expected heterozygosity of an F7 RIL population is
1.6% and the observed heterozygosity in the BTx623×IS3620c population was 6.7%
as depicted on the color bar. Faint gray lines connect a marker’s position in one map
with its corresponding position in the other map.
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t = 7). The general case is simply that, when the observed genotype frequencies
deviate from those predicted by the model, the estimated recombination fractions,
rˆ, will be inaccurate.
Our modeling was done under the assumption that the amount of heterozygosity
maintained by each generation is evenly distributed among markers. While our
data for this population show that excess heterozygosity is present throughout the
genome, there is also local variation (Figures 2.3 and A.1). This agrees with previous
work showing that hybrid advantage and/or disadvantage can localize to specific loci
in the genome (Li et al., 1997), and in these cases it may be more appropriate to
obtain an hmarker pair from data HFt for each marker pair (which we derive in the
Supplemental Information). However we chose not to implement this method for
our mapping population to avoid overfitting the data and to maintain an expected
global value with which the genetic map could be curated. We have additionally
implemented an option to parameterize h for each linkage group based on the H of
the genotypes for the linkage group, though this yielded little difference for our use
case (Figure A.1). Ultimately, our solution strikes a balance between an a priori
model based on Mendelian segregation and parameterizing the model based entirely
on each marker pair. Future work may explore an intermediate approach based on
estimating regional heterozygosity levels to paramaterize h for groups of markers; an
examination of the biological mechanisms underlying these regional deviations from
the global level of maintained heterozygosity is also merited (Figures A.1 and A.2.1).
We have made the implementation of this method available as a fork of the R/qtl
code base at https://github.com/MulletLab/qtl, and provide examples for its
use at https://github.com/MulletLab/exHet_Supplement so that it can be uti-
lized where appropriate for conditions of excess heterozygosity; we are grateful to
the R/qtl developers for making their code base accessible to be built upon (Broman
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et al., 2003). We believe this work serves as an example of when to extend a genetic
model to fit observations of biological phenomena that deviate from traditional ex-
pectations, and that the differential zygotic viability model (Zhu et al., 2007) will
serve as a useful base to modify as the mechanisms underlying segregation distor-
tion become better understood. As genotyping technologies continue to improve, so
too should the models we use to interpret the phenomena underlying the data. De-
viations from traditional models, including segregation distortion and tight double
recombinations, will need to be corrected to generate genetic maps that have rea-
sonable agreement with the cytological maps calculated using microscopy to observe
indicators of recombination events. More accurate genetic maps will improve link-
age based analyses such as map-based cloning, marker-assisted selection, and QTL
mapping, as well as assist marker ordering for genome assembly and provide better
estimates of how recombination is distributed in the genome.
2.5 Materials and methods
2.5.1 Derivation and implementation of genetic model
The model for genetic map construction from genetic markers of a population
with known pedigree and markers ordered on the basis of physical position with a
reference genome is simplified into calculating recombination fractions between pairs
of markers. Here we derive the quantitative genetic theory underlying the expected
genotypes of a selfed population, Ft, given a proportion of heterozygosity retained
that deviates from Mendelian segregation assumptions. To derive these equations we
simultaneously extend and incorporate two models: (a) Bulmer’s general solutions for
genotype frequencies of self-fertilized populations based on the work of Haldane and
Waddington at two linked loci (Haldane and Waddington, 1931; Bulmer et al., 1980)
and (b) a model for zygotic differential viability, where each genotype is assigned a
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fitness (that may confer an advantage/disadvantage) in the F2 progeny (Zhu et al.,
2007; Wu et al., 2007).
2.5.1.1 Genotype frequencies of selfing populations
Before we model heterozygosity maintenance into estimating genotype frequen-
cies, we will set up the familiar framework used to estimate genotype frequencies
in a traditional recombinant inbred line. Consider two linked loci (or markers) α
and β. Locus α has alleles A and a and locus β has alleles B and b. Suppose that
the initial parental mating was AB
AB
× ab
ab
, then in subsequent generations, Ft where
t ∈ N is the generation interval, the family of individuals will contain a distribution
of ten different genotypes, and for the initial condition of t = 1, all genotypes in the
F1 generation ∈ ABab genotype. Furthermore, due to the symmetry of genotypes un-
der self-fertilization, the genotype probabilities are reduced into pFt as five genotype
classes (class i, i ∈ [1, 2, 3, 4, 5]) as described by Haldane and Waddington (1931),
where ∀ t, ‖pFt‖ = 1.
pFt =

p(class 1)
p(class 2)
p(class 3)
p(class 4)
p(class 5)

t
=

p(genotypes)
p(AB
AB
) + p(ab
ab
)
p(Ab
Ab
) + p(aB
aB
)
p(AB
aB
) + p(Ab
ab
) + p(AB
Ab
) + p(aB
ab
)
p(AB
ab
)
p(Ab
aB
)

t
The transition from one class to another each generation is a Markov chain and is
described through the transition probability matrix, T, that takes into consideration
the gametic outputs of each class for each meiosis event, such that for generation t
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and the initial condition pF1
′ = [0, 0, 0, 1, 0] we satisfy
pFt+1
′ = TpFt
′ (2.1)
Thus far we’ve introduced the common modeling of genotype probabilities for the
case of self-fertilized populations. Solving for the genotype probabilities is dependent
on defining the transition probability matrix, T. Under the assumption of Mendelian
segregation, T is defined and so pFt has a general solution which has been imple-
mented (Bulmer et al., 1980; Lander et al., 1987; Broman et al., 2003). Furthermore,
for the case of differential zygotic viability, T has been modeled and solved for an
F2 (Zhu et al., 2007).
2.5.1.2 Modeling heterozygosity
Here we model a heterozygosity maintenance term for selfed recombinant inbred
populations to account for viabilities of heterozygote genotypes that deviate from
Mendelian segregation (where h = 0.5). To construct T that accounts for the pro-
portion of heterozygosity maintained each generation, h, we will examine each class’
expected transition from generation t to generation t+ 1 under a potential deviation
of h from 0.5.
Transition from class 1 and class 2 is fixed: Class 1 and 2 are the ultimate
absorption states as t→∞. For example, the probability of class i 6= 1 in generation
t+ 1 given that the marker pair was in class 1 in generation t is zero. Once a marker
pair is in either class 1 or class 2, it will remain there.
Transition from class 3 depends on h: Class 3 requires consideration of the seg-
regation of only one marker that is heterozygous in generation t as the other marker
will be homozygous and thus fixed in any subsequent generation after t.
Let HFt be the proportion of heterozygosity observed for all markers of an Ft
20
family and assume that the amount of heterozygosity maintained in all markers, h, is
constant each generation. Then we can solve for h through the following relationship
ht−1 = HFt . h will be modeled into the transition probability matrix as a modifier
of expected segregation. For data HFt ,
[]h = e
ln(HFt
)
t−1 . (2.2)
For the heterozygous marker α and h (in class 3) in generation Ft, the genotype
probabilities for generation Ft+1 will be dependent on the expected segregation of
the alleles of marker α, class 1 : 2 : 3, which is 1−h
2
: 1−h
2
: h.
Transition from class 4 and 5 depends on h and r: Class 4 and 5 requires consid-
eration of the segregation of two markers that are heterozygous at generation t and
the recombination frequency, r, between the two markers.
Similar to treatment of heterozygosity for one marker, we now apply the same
heterozygosity term to both markers α and β. We model this within the context
of zygotic differential viability, as shown in (Lorieux et al., 1995b; Wu et al., 2007).
Assume for marker α that the viability of genotype Aa relative to AA or aa is u and
the same u applies to the alleles of marker β. Then, the genotype probabilities in
generation Ft+1 from class 4,
AB
ab
, or class 5, Ab
aB
, in generation Ft is dependent on the
segregation of alleles of marker α and β, class 1 : 2 : 3 : 4 : 5. From class 4 this
ratio will be 2(1−r)
2
d
: 2r
2
d
: 8ur(1−r)
d
: 2u
2(1−r)2
d
: 2u
2r2
d
, and from class 5 this ratio will
be 2r
2
d
: 2(1−r)
2
d
: 8ur(1−r)
d
: 2u
2r2
d
: 2u
2(1−r)2
d
, where d = 2(1− r)2 + 8ur(1− r) + 2r2 +
2u2[(1− r)2 + r2].
To model the amount of heterozygosity retained in generation t for a marker pair
of class j, for j ∈ [4, 5], in the previous generation t − 1 we model h, calculated by
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equation 2.2 as
[]h =
1
2
p(class 3 t+1 | class j t) + p(class 4 t+1 | class j t) + p(class 5 t+1 | class j t)
(2.3)
such that we can calculate u with variable r and subsequently d .
Transition probability matrix, T: Incorporating the transition from a given class
to all classes in every generation, we now have a transition probability matrix,
[]T =

class 1 t class 2 t class 3 t class 4 t class 5 t
class 1 t+1 1 0
1−h
2
2(1−r)2
d
2r2
d
class 2 t+1 0 1
1−h
2
2r2
d
2(1−r)2
d
class 3 t+1 0 0 h
8ur(1−r)
d
8ur(1−r)
d
class 4 t+1 0 0 0
2u2(1−r)2
d
2u2r2
d
class 5 t+1 0 0 0
2u2r2
d
2u2(1−r)2
d

(2.4)
With T defined, we solve for the general solution of pFt by equation 2.1 and
initial condition pF1
′ = [0, 0, 0, 1, 0] and use pFt to fit recombination fractions (see
Supplemental Materials for calculations and solution). When the expectations of
segregation are in fact Mendelian, h = 0.5, then as expected the solution for genotype
frequencies will reduce to the same ones solved for by Haldane and Waddington
(1931).
2.5.1.3 Genotype frequencies with heterozygosity model
Given the theory derived for pFt
′ = TpFt−1
′ that is altered with a heterozygosity
model, we solved for the general solution of pFt , genotype frequencies, using MAT-
LAB (2010), and an M-file is provided in the Supplemental Materials to document
all variables defined and calculations.
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2.5.1.4 Implementation and simulation
Calculations of the genotype frequencies for proportions of heterozygosity main-
tained, h, other than 0.5 were implemented in C within a fork of the R/qtl v1.28.19
code base (Broman et al., 2003). Specifically we used the golden section search algo-
rithm as implemented in the R/qtl BCsFt tools (Shannon et al., 2013) to estimate
recombination fractions given genotype data for a marker pair. Map distances were
calculated using the Haldane mapping function given the recombination fractions
estimated from the golden section search.
The source code is available on GitHub as a forked R/qtl repository at https:
//github.com/MulletLab/qtl. The hetexp branch contains the new functions, in-
cluding est.rf.exHet() that can be called from R similar to the existing est.rf() but
with a heterozygosity term, h, passed to it. The est.rf.exHet() function can also
estimate h on the basis of H for each linkage group. Example usage can be found at
https://github.com/MulletLab/exHet_supplemental.
Genotypes for a 200 cM linkage group genotyped for 1000 individuals at 1000
markers were simulated under the derived heterozygosity model both a) without
errors or missing data, and b) with 1% errors and 5% missing data. The code used
to generate the datasets, the simulated datasets, and their respective results can be
found at https://github.com/MulletLab/exHet_supplemental.
2.5.2 Plant materials and genotyping
The sorghum recombinant inbred mapping population, BTx623×IS3620c, were
made available by the USDA-ARS Plant Genetic Resource and Conservation Unit,
Griffin, GA.(Burow et al., 2011). These F7−9 individuals were planted in College
Station, TX fields in summer 2013. DNA was extracted from leaf tissue of 10-12
plants from seed stock of each RIL and prepared by Digital Genotyping (DG) with
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restriction endonuclease NgoMIV (Morishige et al., 2013). The DG templates were
sequenced on Illumina HiSeq 2500 with 72 (or fewer) samples per lane.
Genotypes were generated from the sequenced reads of the recombinant inbred
lines and their parents, BTx623 and IS3620c. The sequence reads were delivered
already sorted on sample barcode, and they were checked for restriction sites using
awk; where applicable, preprocessing was parallelized using GNU parallel (Tange,
2011). Reads were aligned to the sorghum reference genome (Sbi1) with BWA mem
(v 0.7.5a) (Paterson et al., 2009; Li and Durbin, 2010). Aligned reads were realigned
around indels using the Genome Analysis Toolkit (GATK v3.1-1) and the Queue
framework with IndelRealigner; individual GVCFs were generated using the Haplo-
typeCaller; and joint genotyping was performed using GenotypeGVCFs (McKenna
et al., 2010; DePristo et al., 2011; Van der Auwera et al., 2013). Variants were hard
filtered using VariantFiltration under the following criteria: DP < 10; QD < 5.0;
MQ < 30.0; MQRankSum < -10.0; BaseQRankSum < -10.0. The remaining vari-
ants were filtered to keep only biallelic variants for which the two parents, BTx623
and IS3620c, were each homozygous for different alleles and to keep only variants that
were genotyped with a GQ score ≥ 20 in ≥ 25% of the samples. For these genotypes,
the median depth of reads that passed the HaplotypeCaller’s internal quality control
metrics (i.e. the median sample-level DP annotation) was 17 reads. Genotypes with
a GQ score < 20 were set to missing, and those remaining were screened for tight
double recombinations occurring within 2kbp; genotypes involved in a tight double
recombination were set to missing. These variants and genotypes were used as the
initial input for genetic map construction in R/qtl.
24
2.5.3 Genetic map construction
Genetic map construction was performed as an iterative process in R/qtl, starting
with 424 individuals (RILs) genotyped at 12,836 SNP and indel markers. 2 individ-
uals and 1,340 markers were removed due to high missingness levels (≥ 60%). 7
individuals were removed due to sharing ≥ 90% of genotypes with another individ-
uals. 703 markers were removed for being uninformative due to close proximity. 17
individuals were removed for having genotypic proportions far outside the distribu-
tion of most of the population members. The remaining 398 individuals and 10,793
markers had an overall 7.4% heterozygous genotypes. 7.4% was used as an initial H0
to test for segregation distortion. Markers that deviated largely from a 463 : 74 : 463
ratio (homozygous parent 1 : heterozygous : homozygous parent 2) by a chi-squared
test (p < 1 × 10−15) were excluded; due to extreme segregation distortion for one
parental allele on chromosome 1 caused by artificial selection of a known flowering
time QTL, we dramatically relaxed the distortion threshold (p < 1×10−30) for chro-
mosome 1 although a large gap still remains due to failing to retain markers in the
region of the most severe distortion (Yang et al., 2014). Following filtration, 398
individuals and 10,090 markers remained with 7.5% heterozygous genotypes. 7.5%
was considered to better represent the true percentage of heterozygous genotypes in
the dataset, and so we applied the segregation distortion test for the 10,793 markers
with the updated H1 of 7.5%; this retained 398 individuals typed at 10,091 mark-
ers. Of note, at our p-value thresholds, the expected Mendelian ratio (H = 1.6%)
retained only 4,512 markers, whereas the excess heterozygosity model (H = 7.5%)
retained 10,091 markers.
With the 398 individuals typed at 10,091 markers we then constructed an initial
genetic map by estimating recombination fractions calculated under the excess het-
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erozygosity model and R/qtl’s implemented Haldane mapping function with markers
grouped and ordered by their physical position on the Sbi1 reference genome. 10
markers on chromosome 6 were removed due to their incorrect placement on the
Sbi1 reference assembly as indicated by inspection of recombination fractions and
previous work (Morishige et al., 2013). The genetic map was then re-estimated, and
tight double recombinations less than or equal to 2.0 cM were removed. The propor-
tion of heterozygosity at this point, H = 6.7%, was used to estimate h for use in the
final map estimation under the excess heterozygosity model; the same markers and
genotypes were used for map estimation under the Mendelian model. Genetic maps
were estimated directly from calculated pairwise recombination fractions for adjacent
markers using R/qtl’s implemented est.rf() and our implemented est.rf.exHet().
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3. HARNESSING GENETIC VARIATION IN LEAF ANGLE TO INCREASE
PRODUCTIVITY OF SORGHUM BICOLOR1
3.1 Overview
The efficiency with which a plant intercepts solar radiation is primarily deter-
mined by its architecture. Understanding the genetic regulation of plant architec-
ture and how changes in architecture affect performance can be used to improve
plant productivity. Leaf inclination angle, the angle at which a leaf emerges with
respect to the stem, is a feature of plant architecture that influences how a plant
canopy intercepts solar radiation. Here we identify extensive genetic variation for
leaf inclination angle in the crop plant Sorghum bicolor, a C4 grass species used for
production of grain, forage, and bioenergy. Multiple genetic loci that regulate leaf
inclination angle were identified in recombinant inbred line populations of grain and
bioenergy sorghum. Alleles of sorghum dwarf-3, a gene encoding a P-glycoprotein
involved in polar auxin transport, are shown to change leaf inclination angle by up to
34 degrees (0.59 radians). The impact of heritable variation in leaf inclination angle
on light interception in sorghum canopies was assessed using functional-structural
plant models and field experiments. Smaller leaf inclination angles caused solar ra-
diation to penetrate deeper into the canopy, and the resulting redistribution of light
is predicted to increase the biomass yield potential of bioenergy sorghum by at least
3%. These results show that sorghum leaf angle is a heritable trait regulated by
multiple loci, and that genetic variation in leaf angle can be used to modify plant
architecture to improve sorghum crop performance.
1Reprinted with permission from “Harnessing genetic variation in leaf angle to increase produc-
tivity of Sorghum bicolor” by Truong, SK, McCormick, RF, Rooney, WL, and Mullet, JE, (2015)
Genetics 201(3) 1229-1238, Copyright ©2015 by the Genetics Society of America.
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3.2 Introduction
Sustainably increasing the productivity of crops on land currently used for agri-
culture without depleting natural resources is a global priority (Foley et al., 2011;
Drewry et al., 2014). Improving the efficiency with which plants intercept solar ra-
diation is one means to sustainably improve crop productivity. Leaf angle, or leaf
erectness, is a plant canopy parameter that has drawn considerable attention due
to the predicted improvement in photosynthetic efficiency and reduction in plant
stress afforded by the redistribution of solar radiation from the top to lower levels
of canopies (Tollenaar and Wu, 1999; Duvick, 2005a; Murchie and Reynolds, 2012;
Drewry et al., 2014; Mansfield and Mumm, 2014). Performance improvements pre-
dicted by theoretical models are corroborated by positive correlations between small
leaf angles and cereal crop yields; post-green revolution rice cultivars have smaller leaf
inclination angles and higher yields relative to their pre-green revolution predeces-
sors (Yoshida, 1972; Sinclair and Sheehy, 1999; Sakamoto et al., 2006), and modern
maize is also characterized by small inclination angles as a consequence of selection
for increased grain yield in breeding programs (Duvick, 2005a; Lee and Tollenaar,
2007; Hammer et al., 2009; Tian et al., 2011; Mansfield and Mumm, 2014).
Despite the association of leaf angle with increased productivity, its genetic basis
remains to be fully characterized for many of the major grasses. In maize, ligueless1
and ligueless2 have been identified as major regulators of leaf angle that can improve
plant productivity (Pendleton et al., 1968; Lambert and Johnson, 1978; Moreno et al.,
1997; Walsh et al., 1998). More than 40 additional quantitative trait loci (QTL) have
been identified in the maize NAM population and RIL populations (McMullen et al.,
2009; Tian et al., 2011; Li et al., 2015). In rice, osdwarf4-1 and leaf inclination2
have been identified and shown to play roles in plant hormone responses that result
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in changes in leaf angle (Sakamoto et al., 2006; Zhao et al., 2010). Progress in
identifying leaf angle QTL has been made in sorghum, the 5th most widely produced
grain and forage crop, however a gene that regulates leaf angle has yet to be identified
as has been done in maize and rice (Hart et al., 2001; Gill et al., 2014; Perez et al.,
2014; Xin et al., 2015).
The physiological basis for the impact of leaf inclination angles on yield may
be explained by altered vertical distribution of solar radiation in the canopy. Leaf
positioning, a factor influenced by leaf inclination angle, can maximize carbon gain
by optimizing interception of photosynthetically active radiation (PAR) for canopy
photosynthesis and by mitigating heat stress induced by excess infrared radiation
(IR) (Zhu et al., 2008; van Zanten et al., 2010; Zhu et al., 2010; Song et al., 2013).
In addition to mitigating the occurrence of excess radiation at the top of the canopy
(Nobel, 2005; Long et al., 2006; Zhu et al., 2010; Mullet et al., 2014), canopy architec-
tures that have small upper leaf angles redistribute PAR more uniformly throughout
the canopy, thereby reducing shade-induced senescence of lower leaves (Hurng et al.,
1986; Sinclair and Sheehy, 1999; van Zanten et al., 2010; Song et al., 2013). The
resulting increase in green leaf area allows for greater accumulation of nitrogen, a
possible rate-limiting factor during grain filling in modern high-yielding cultivars
(Drouet and Bonhomme, 1999; Sinclair and Sheehy, 1999; Hammer et al., 2009).
More optimal vertical redistribution of solar radiation throughout the canopy can
also allow for denser planting of grain crops, an important factor contributing to
increased grain yield per hectare (Sinclair and Sheehy, 1999; Duvick, 2005b; Tian
et al., 2011; Mansfield and Mumm, 2014). For example, small leaf angles of the rice
osdwarf-4 mutant and the maize liguleless2 mutant enabled higher density planting
that increased biomass yield of the respective crops (Lambert and Johnson, 1978;
Sakamoto et al., 2006).
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Given successes in other grass crops, there is strong motivation for identifying the
genetic basis of leaf angle and determining its physiological consequences in sorghum,
particularly for bioenergy sorghum. High biomass energy sorghum hybrids have long
growing seasons and accumulate most of their biomass in tall ( 4 m) closed canopies
(Rooney et al., 2007; Olson et al., 2012; Mullet et al., 2014). Over the long bioenergy
growing season, small daily improvements in energy conversion efficiency conferred
by more optimal leaf angles could translate to large seasonal increases in biomass
accumulation. We examined the genetic basis of leaf inclination angle in sorghum
using both grain and bioenergy sorghum recombinant inbred line (RIL) populations
and identified multiple QTL contributing to the regulation of leaf angle. Moreover,
we demonstrate that a leaf angle QTL present in grain sorghum germplasm is caused
by sorghum dwarf-3 (a homologue of maize br2 ), and that the recessive allele of
sorghum dwarf-3 decreases leaf inclination angle up to 34 degrees (0.59 radians).
Additionally, we use functional-structural plant modelling and field experiments to
show that smaller leaf inclination angles cause solar radiation, including PAR, to
penetrate deeper into energy sorghum canopies. The improvement in conversion
efficiency afforded by the redistribution of PAR is predicted to increase the biomass
yield of bioenergy sorghum over the growing season by at least 3%. Given these
results, genetically optimizing leaf angle represents a promising way to sustainably
increase sorghum productivity.
3.3 Methods
3.3.1 Genetic basis of leaf inclination angle
Two recombinant inbred line populations generated from biparental crosses of
BTx623 x IS3620C (n=398) and R07018 x R07020 (n=96) were used to examine the
genetic basis of leaf inclination angle in Sorghum bicolor (Burow et al., 2011; Bartek
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et al., 2012). Individuals from these populations were genotyped by sequencing using
the restriction enzyme-based, reduced representation technique Digital Genotyping
(Morishige et al., 2013). Template DNA was prepared using the restriction enzyme
NgoMIV for the BTx623 x IS3620C population and FseI for the R07018 x R07020
population. Libraries were sequenced with an Illumina Hi-Seq 2500. Reads were
mapped to the sorghum reference sequence (Sbi1) with BWA (v0.7.5.a) (Paterson
et al., 2009; Li and Durbin, 2010). Aligned reads were processed with Picard (v1.108)
and variant calls (SNPs and indels) were generated using the GATK (v3.2-2) by
following the nave pipeline of the RIG workflow (McKenna et al., 2010; DePristo
et al., 2011; Van der Auwera et al., 2013; McCormick et al., 2015). Subsequent
genetic maps were generated using R/qtl (Broman et al., 2003). The BTx623 x
IS3620C genetic map contained 10,091 markers and was constructed as described
in Truong et al. (2014), under a model of excess heterozygosity. Genotype data for
R07018 x R07020 were quality controlled in a similar manner, and a genetic map
containing 1,968 markers was estimated as an F5 using the BCsFt tools in R/qtl.
Genetic maps and genotype data are available in the Supporting Information.
3.3.2 Phenotyping leaf inclination angle
The two experimental crosses used to study the genetic basis of leaf inclination
angle, BTx623 x IS3620C and R07018 x R07020, were planted and phenotyped in
College Station, TX in a greenhouse and experimental fields. Table 3.1 provides
information on where, when, and the number of individuals from each population
that were planted and phenotyped. Phenotypes used in heritability calculations and
QTL mapping were the average of the biological replicates measured (Table 3.1). To
phenotype leaf inclination angle, leaves were counted by starting from the youngest
ligulated leaf to older leaves further from the top the plant. That is, at the time
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of phenotyping, the youngest fully expanded leaf (below the whorl) was identified
as leaf 1 and each subsequent leaf was numbered sequentially (e.g., leaf 3 was two
leaves below leaf 1). Leaf inclination angle was measured with a protractor where
the origin (pinpoint) was placed where the leaf midrib would meet the stem. The
angle measured was between the stem to the adaxial midrib of the leaf (the axil).
3.3.3 Stepwise multiple-QTL mapping and heritability estimates
Stepwise multiple-QTL analysis was performed on the genotype and phenotype
data described above to identify the quantitative trait loci (QTL) and epistatic in-
teractions between them that best describe the genetic basis of variation in leaf
inclination angle phenotypes. Phenotype data were normalized by Empirical Nor-
mal Quantile Transformation (Peng et al., 2007). A single QTL analysis using the
EM algorithm initially identified primary additive QTL, and this was used to seed
model selection for multiple-QTL analysis. We employed the method of (Manichaikul
et al., 2009) for model selection as implemented in R/qtl (Broman et al., 2003). This
method considers the LOD score for a multiple-QTL model penalized by the com-
plexity of the model, using penalty scores specific to each phenotype. We used com-
putational resources on the WSGI cluster at Texas A&M University to calculate the
penalties for main effects, heavy interactions, and light interactions; these penalties
were calculated from 24,000 permutations of each phenotype from each population
with genetic markers that were 2 cM apart ( 600 markers) to find a significance level
of 5% in the context of a two-dimensional, two-QTL genome scan (penalized LOD
scores are in Supporting Information).
We chose a parsimonious QTL model for each phenotype to report here (detailed
statistics of each QTL model are in Supporting Information). The models chosen are
less prone to false positives in our approach to QTL model selection as we required
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additional QTL and interactions to increase the pLOD of the QTL model by at least
its LOD penalties for main and light interactions, respectively. We did not choose
an exhaustive QTL model, and less stringent QTL models for the phenotypes are
possible.
In addition to variance explained by the QTL, we also estimated the variance
explained by SNPs and indels across the genome for each phenotype using GCTA
(Yang et al., 2011). The set of genetic variants that were used as input to genetic
map construction (prior to the quality control involved in map construction) were
quality controlled using PLINK v1.90b3u (Purcell and Chang, 2014), and heritability
was estimated using a genomic relationship matrix (GRM) and restricted maximum
likelihood (REML) as implemented in GCTA. This analysis estimates the proportion
of observed phenotypic variance-covariance relationships among the lines that can
be explained by the whole-genome relatedness of the lines estimated by markers,
providing an estimate of narrow-sense heritability (Yang et al., 2013).
3.3.4 dw3 gene identification
The dwarf-3 (dw3 ) gene is well known for its effect on stalk height in Sorghum
bicolor. The common, non-functional dw3 allele contains an 882 bp tandem dupli-
cation in exon 5 that causes the loss of function; the null dw3 allele is genetically
unstable and can revert to the functional Dw3 allele when the 882 bp duplication
is removed by unequal crossing over (Multani et al., 2003). The reversion event is
visually identifiable when it occurs in field plots of isogenic sorghum because the
revertant is taller than its surrounding siblings. Seven dw3 revertants were identi-
fied in rows of recombinant inbred lines of BTx623 (dw3dw3 ) x IS3620C (Dw3Dw3 )
planted in College Station, TX fields in 2014 (Figure B.1). The revertants and three
of their non-revertant siblings were genotyped by polymerase chain reaction (PCR)
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to amplify a region of dw3 ; genotypes that contained one or two copies of 882 bp
DNA correspond to the functional and non-functional alleles, respectively. Primers
used were designed by Barrero Farfan et al. (2012).
3.3.5 Calculation of the light extinction coefficient, k
Light interception throughout crop canopies is often formalized as an extinction
coefficient, k (as derived in Beer-Lambert’s Law), that relates the attenuation of
light with properties of the material through which the light travels (Monteith and
Moss, 1977; Monsi and Saeki, 2005; Nobel, 2005; Long et al., 2006). Here, we use
the equation
I(x) = I0 exp−kx (3.1)
. Given data, xn, I(xn)
N
n=1, where I(x) is the intensity (power per unit area) of radi-
ation from the sunlight at depth x down the canopy, we can estimate light extinction
coefficient, k, by fitting with the Levenberg-Marquardt algorithm for non-linear least-
squares (Jones, 2001). A detailed explanation of the function and its adoption to
describe the vertical distribution of sunlight in a crop canopy is provided in the Ex-
tended Materials and Methods. We use k as a descriptor to characterize and compare
the distribution of light in simulated and field grown sorghum canopies with differing
leaf inclination angles.
3.3.6 Virtual sorghum canopies
We constructed functional-structural plant models of sorghum and collected depth
and incident light data, xn, I(xn)
N
n=1, in simulated light environments and calculated
values of theoretical ks. The 3-dimensional virtual sorghum plants were constructed
using Lindenmeyer systems in L-py (Boudon et al., 2012). Lindenmeyer-systems
provide a set of production rules whereby plant structural models are produced by
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recursion through phytomers (Prusinkiewicz et al., 2012). The virtual canopies were
then illuminated by the nested radiosity model as implemented in CARIBU (Chelle
and Andrieu, 1998; Chelle et al., 2004; Pradal et al., 2008) given light input that
reflected solar conditions in College Station, TX (data retrieved from The United
States Naval Observatory). Details on methods of construction and the scripts used
can be found in the Supporting Information.
3.3.7 Field experimental sorghum canopies
Two sorghum RILs, RIL 63 and RIL 73, were identified as lines with large pheno-
typic variation in leaf angle when phenotyping the R07018 x R07020 RIL population
grown under greenhouse conditions (Bartek et al., 2012). To study the effect of leaf
angle on light penetration at different depths in the plant canopy, two adjacent plots,
one plot of RIL 63 and one plot of RIL 73, were planted in College Station, TX fields
(W 96 20, N 30 37); each plot had 4 rows with row spacing of 0.76 m2 and was
planted at a density of 13.2 plants/m2. To estimate k values for each of the two
plots, light penetration at multiple layers in the canopy was measured for seven col-
lections using two lifts and two PAR meters (LP-80, Decagon Devices, Inc., Pullman
WA) to simultaneously take readings at the same canopy height in the two canopies
(Extended Materials and Methods and Figure B.2 and Table B.1). All plot and
plant measurements along with raw depth from the experimental field data, subse-
quent scaling employed, and their fits to Equation 3.1 are available in the Supporting
Information.
3.3.8 Estimating potential biomass gain
The calculation of biomass yield gain is based on the gain of solar conversion
efficiency on a per leaf basis of C4 plants. We used energy absorbed at each sequential
leaf through the canopy (predicted by CARIBU model) and estimated the conversion
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efficiency provided by Zhu et al. (2010). Conversion efficiency is modeled as a linear
parameter in the Monteith equation for biomass (Zhu et al., 2010), and thus the
biomass yield gain is the same amount as the efficiency gain. The calculations made
are available in the Supporting Information as a spreadsheet.
3.4 Results
3.4.1 Genetic regulation of sorghum leaf angle
Given that leaf inclination angle is associated with productivity increases in other
crop plants (Sinclair and Sheehy, 1999; Duvick, 2005a; Tian et al., 2011; Mansfield
and Mumm, 2014), we sought to identify genetic loci that regulate leaf angle in
sorghum. Identification of genetic loci that modulate leaf angle will enable both
experimental analyses of leaf angle’s effects on radiation use efficiency (RUE) and
nitrogen status as well as deployment of favorable alleles into breeding programs.
Genetic analyses were carried out using two RIL populations derived from the fol-
lowing biparental crosses: (a) grain sorghum lines BTx623 and IS3620C, and (b) late
flowering bioenergy sorghum lines R07018 and R07020.
Leaf angle is developmentally regulated and changes based on leaf age; leaves at
the top of the plant typically have small leaf angles and minimal variation that could
be attributed to genetics (see Supporting Information). As such, the angles of the
third and fourth (and fifth when not senesced) fully expanded ligulated leaves, count-
ing from the uppermost fully expanded leaf at the top of the plant, were measured in
the two RIL populations at varying stages of development grown in the field and in
greenhouses (Table 3.1). Model selection of multiple-QTL mapping analyses as de-
scribed in Manichaikul et al. (2009) identified 3 loci in the grain population (BTx623
x IS3620C) and 4 loci in the bioenergy population (R07018 x R07020) that affected
leaf inclination angle (p ¡ 0.001; Table 2). In a given population, leaf number, and
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environment, the proportion of phenotypic variance explained by the multiple-QTL
model was always greater than 15%. Given that the small population sizes used here
for mapping can inflate QTL variance estimates via the Beavis effect (Beavis, 1994,
1998; Xu, 2003), we also estimated the proportion of phenotypic variance explained
by genome-wide SNPs and indels as described in Yang et al. (2011). Due to the
relatedness of individuals in the populations, the proportion of phenotypic variance
explained by the SNPs and indels using a genomic relationship matrix and restricted
maximum likelihood (as implemented in GCTA) approximates the narrow-sense her-
itability of the trait (Yang et al., 2013). Heritabilities of each leaf angle ranged from
9% to 62%, depending on the population, location, and plant age (Table 3.2). Her-
itabilities in the BTx623 x IS3620C population were much larger due to the large
effect of the dw3 locus discussed below; the dominant Dw3 allele is fixed in R07018
and R07020 and does not segregate in the bioenergy population (Figure B.3).
Table 3.1: Experimental crosses and phenotyping metadata. This table con-
tains the two biparental crosses used, the number of assayed, the location of plant
growth, the number of biological replications phenotyped (i.e. number of plants), and
the time at which measurements were acquired. Row plots in the field are planted
mechanically and are 0.76 m apart and have planting density of approximately 13.2
plants/m2.
cross generation RILs (n) location (College Station, TX)
planting phenotyping
date structure date(s) reps
BTx623 x IS3620c F6−8
88 field 03/27/2013 1 row plot
06/20/2013,
306/26/2013,
06/30/2013
336 greenhouse 05/27/2014 2 per pot
07/04/2014 -
2
07/05/2014
7 field 04/08/2014 1 row plot
06/18/2014 -
4
06/19/2014
R07018 x R07020 F5
94 greenhouse 07/30/2013 3 per pot 09/07/2013 3
94 field 04/08/2014 1 row plot 06/27/2014 3
94 field 04/08/2014 1 row plot 07/31/2014 3
2 field 04/08/2014 4 row plots
07/22/2014 -
4
07/26/2014
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3.4.2 dwarf-3 regulates leaf angle in sorghum.
Comparisons between QTL mapping results for leaf inclination angle and plant
height in the BTx623 x IS3620C RIL population showed identical marker association
with both traits across an interval of chromosome 7 corresponding to the dwarf-
3 (dw3 ) locus (data not shown). Previous reports also correlated alleles of dw3
with stem dwarfing and leaf inclination angle (Hart et al., 2001). Furthermore,
dw3 is known to segregate in this mapping population, where BTx623 (dw3dw3 )
carries the non-functional dw3, an unstable allele that contains an 882 bp direct
duplication that can revert to Dw3 by unequal crossing-over (Multani et al., 2003),
and IS3620C (Dw3Dw3 ) contains the functional Dw3 allele. The large phenotypic
effect of the dominant Dw3 allele on height enables identification of tall revertants
among dw3dw3 RILs. Therefore, we screened a field-grown subset of the BTx623 x
IS3620C RIL population and identified revertant plants in seven different RIL plots
by their increased heights. We found that the revertant plants with increased height
also displayed large leaf inclination angle relative to non-revertant plants (Figure
3.1 and Figure B.1). Genotypes at the dw3 gene confirmed that the dominant Dw3
allele was present in the tall revertant plants. Dw3 revertant plants showed increases
in leaf inclination angle of up to 34 degrees (0.59 radians) relative to dw3 plants that
were otherwise genetically identical individuals (Figure B.1). Thus, sorghum dw3
has a pleiotropic effect on both height and leaf angle.
3.4.3 Leaf angle affects vertical light distribution in sorghum canopies.
Once genetic loci regulating leaf inclination angle were identified, we sought to
determine if leaf inclination angle affects the distribution of solar radiation in the
sorghum canopy and confers a functional difference in performance. To characterize
and compare light interception by sorghum canopies with different leaf angles, the
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Figure 3.1: dw3 regulates leaf inclination angle. (A) Leaf 3 inclination angles
of revertants (r) in filled black circles and non-revertants (1, 2, 3) in empty white
circles of seven RILs of BTx623 x IS3620C. (B) Genotypes of revertants and non-
revertants of RIL 37 at the dw3 locus using primers that flank the 882 bp tandem
repeat that makes dw3 non-functional; unequal crossing over can lead to excision
of one repeat copy and spontaneous reversion to the functional Dw3 allele (Multani
et al., 2003; Barrero Farfan et al., 2012), see Figure B.1 for other RIL genotypes.
(C) Parents, BTx623 and IS3620C, of the experimental cross in which revertants
of dw3 were identified grown under greenhouse conditions. The protractor used to
measure all leaf inclination angles here is also shown, and the scale bar is 6 inches.
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light extinction coefficients, k, of sorghum canopies were determined by modelling
and using data from field measurements (Equation 3.1 in Methods). Given the
same amount of available photosynthetically active radiation (PAR), decreases in
k translate to less PAR intercepted by upper layers of the canopy and more PAR
available for interception at lower levels of the canopy (i.e. closer to the ground)
(Monsi and Saeki, 2005). We first compared the light extinction coefficient, k, of two
simulated vegetative phase grain sorghum canopies that intercepted all available light
(Chelle et al., 2004; Pradal et al., 2008; Boudon et al., 2012). Plants in the simulated
plots varying only in the leaf inclination angles of their fully expanded leaves were
modelled under solar radiation conditions approximating a cloudless day in College
Station, TX, on July 13, 2013 (retrieved from United States Naval Observatory,
aa.usno.navy.mil) (Figure 3.2A). The canopies with larger leaf inclination angles
had a k that was 2 times larger than canopies with smaller leaf inclination angles,
indicating that light was distributed more uniformly and deeper into the canopies of
plants with small leaf inclination angles (Figure 3.2B).
To determine the extent that leaf inclination angle alters light distribution in
canopies under field conditions, we identified two recombinant inbred lines (RILs)
from a biparental cross of bioenergy sorghum lines (R07018 x R07020), RIL 63 and
RIL 73, that were phenotypically similar in all leaf traits measured except for leaf
inclination angle (Figure B.4). RIL 63 had smaller leaf inclination angle at all phy-
tomers compared to RIL 73 (Figure B.4). Notably, RIL 63 and RIL 73 from the
R07018 x R07020 population had genotypic differences in 3 of the 4 QTL intervals
affecting leaf angle identified by multiple-QTL mapping (indicated by ‡ in Table
3.2); these genetic differences may underlie the large phenotypic differences in leaf
inclination angle observed in these RILs. The two RILs were phenotypically similar
with respect to stand density, leaf morphology, phytomer stem diameter and spac-
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Figure 3.2: Leaf inclination angle affects light distribution in sorghum
canopies. (A) Virtual sorghum plants and sorghum plots that vary in their leaf
inclination angles (orange represents a larger leaf inclination angle relative to blue).
(B) Light extinction curves for virtual plots from panel A simulated under solar
conditions representing 13:00 on July 13, 2013 in College Station, TX (W 96 20, N
30 37). (C) Field plots of RIL 63 and RIL 73 from which light measurements were
taken. (D) Light extinction curves for field plots from panel c assayed around 15:30
on July 22, 2014 in College Station, TX. (E) Light extinction curves for virtual plots
representing RIL 63 and RIL 73 simulated under solar conditions representing 15:30
on July 22, 2014 in College Station, TX. In both simulation and field studies, plots
with smaller leaf inclination angles fit a smaller light extinction coefficient, k, relative
to plots with larger leaf inclination angles (panels B, D, and E). k values are derived
from fits to Eq. 3.1 (see Methods).
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ing, and biomass per unit height (Figure B.4). Notably, RIL 63 and RIL 73 varied
with respect to the number of phytomers, leading to a difference in height and total
biomass. Because of this height difference, measurements of k were scaled to per-
centage of canopy depth rather than absolute depth, although relative ordering of k
values remains the same whether depth is scaled or not (Table 3.1). Four row plots
of RIL 63 and RIL 73 were planted in the field at College Station, TX in 2014 and
analyzed after canopy closure in July. PAR was measured throughout the canopy
seven times over the course of four days using two PAR meters mounted on a plat-
form that could be moved to varying heights in the canopies (Figure B.2 and Table
B.1). Six of the data sets showed that the plots containing plants with smaller leaf
inclination angle distributed PAR to greater depths in the canopy, with two of the
seven showing that the k of the large leaf inclination angle plots is more than twice
as large as the k of the small leaf inclination angle plot (Figure 3.2D and Table B.1).
While RIL 63 and RIL 73 were phenotypically similar for most measured traits
and genotypically different at most detectable leaf angle QTL (Table 3.2 and Fig-
ure B.4), the possibility remained that their differences in light canopy penetration
arose from factors not captured by the experiment such as additional QTL regulating
plant architecture. To investigate this possibility, simulated plants were parameter-
ized using the measured phenotypes of RIL 63 and RIL 73, including differences
in phytomer number (and consequently, height); traits not measured, such as leaf
curvature, were kept constant, and the simulated plants were illuminated using field
conditions. The light distribution plots generated by simulations were qualitatively
similar to the field results (Figure 3.2E and 3.2D, respectively). The possibility that
differences in plant height and not leaf inclination angle were responsible for the
smaller k of the small angle plant was ruled out by removing phytomers so that the
plant with small leaf angles, simulated RIL 63, was the same height as the plant
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with large leaf angles, simulated RIL 73; large leaf angles still caused k to be larger
than small leaf angles (Figure B.5). Fitting of the light extinction function (Equa-
tion 3.1 in Methods) to the data revealed that the extinction model may not fully
capture changes that occur in lower portions of the canopy (Figure 3.2D and 3.2E).
This suggests that the light extinction models assumption of a homogenous canopy
is an over-simplification (Song et al., 2013), and factors like leaf orientation or leaf
senescence may need to be considered in future adjustments to the model.
We next determined if the redistribution of incident PAR would be predicted to
have a functional impact on biomass accumulation. Using estimates of conversion ef-
ficiency obtained from Zhu et al. (2010), we found that the redistribution of incident
PAR in the simulated canopy with small leaf angles would cause an increase in overall
conversion efficiency relative to the large leaf angle canopy. From this, we extrapo-
lated a conservative estimate of biomass accumulation during a bioenergy sorghum
growing season without water or nutrient limitations. For the virtual sorghum and
lighting in Figure 3.2A, the conversion efficiency of the canopy with smaller leaf an-
gles is predicted to be 1.0436 of the conversion efficiency of the canopy with large leaf
angles. If we further assume that (i) the 4% gain in conversion efficiency is realized
for 4 hours (midday) per 14 hour days, and (ii) the effect calculated is applicable
to the duration of vegetative closed canopy growth, then given a bioenergy sorghum
growing season where 140 days are in the vegetative closed canopy out of its 200 day
growing season (Olson et al., 2012), we predict an overall increase of 3% conversion
efficiency over the entire growing season. Thus, under these conditions, the canopy
with smaller leaf angles has the potential to accumulate 3% more biomass than the
canopy with large leaf angles. Since these performance differences are predicted from
morphologically reasonable canopy parameters, leaf angle represents a realistic target
to improve biomass yields without increasing input.
44
3.5 Discussion
This study has shown that leaf inclination angles are genetically regulated in
Sorghum bicolor, and that leaf angle alters the vertical distribution of solar radia-
tion in closed canopies under field conditions. The improved distribution of solar
radiation is predicted to improve photosynthetic conversion efficiency of the canopy,
resulting in a 3% gain in biomass yield for bioenergy sorghum. We found that the
phenotypic difference in leaf angle between RIL 63 and RIL 73 corresponded with
genotypic differences at most leaf angle QTL identified in the population from which
they originated, and that RIL 63 (with smaller leaf inclination angles) had a smaller
light extinction coefficient (k) than RIL 73. Interestingly, RIL 63 also had more
green leaf area and greater biomass than RIL 73. Additionally, while RIL 63 was
taller, the length of each phytomer and biomass per unit height were similar (Figure
B.4), indicating that RIL 63 had an increased rate of phytomer production. This
increase in phytomers and, in turn, biomass, is consistent with the possibility that
the small leaf angles of RIL 63 improved light interception and canopy conversion
efficiency relative to RIL73. Leaf appearance rate, or phyllochron, varies among
sorghum genotypes during development and in response to the environment (Clerget
et al., 2008; Van Oosterom et al., 2011). In maize, field radiation intensity was nega-
tively correlated with phyllochron (Birch et al., 1998). Determining if the increased
phyllochron in small leaf angle genotypes is a consequence of (i) differential genetic
regulation of phyllochron, (ii) lower radiation interception by upper leaves, and/or
(iii) increased photosynthetic conversion efficiency of the canopy will be investigated
in future experiments. Additionally, prior work in maize and rice predict that the
small leaf angles of RIL 63 will enable higher biomass accumulation at higher plant-
ing densities relative to RIL 73, so the effects of planting density should also be
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investigated (Lambert and Johnson, 1978; Sakamoto et al., 2006).
Identification of dwarf-3, which encodes a P-glycoprotein (PGP) that modulates
polar auxin transport, as a regulator of leaf inclination angle by up to 34 degrees (0.59
radians) in sorghum was shown by analysis of naturally occurring revertants. As with
height, the action of the null dw3 allele on leaf angle is likely a consequence of reduced
polar auxin transport from shoot apical meristem (Multani et al., 2003; Kno¨ller
et al., 2010). Auxin was shown to regulate the establishment and propagation of the
preligule band in maize plants with null alleles of liguleless1, liguleless2, and liguleless
narrow (Moon et al., 2013), and PGP genes interact with PIN genes to influence
local auxin distribution (Blakeslee et al., 2007; Mravec et al., 2008). Furthermore,
rice LAZY1, a polar auxin transport repressor, regulates rice tiller angle via shoot
gravitropism (Li et al., 2007; Dong et al., 2013), and maize ZmCLA4, an ortholog of
rice LAZY1, increases shoot gravitropism and leaf angle at elevated expression levels
(Zhang et al., 2014). Additional work will be necessary to determine the mechanism
by which dw3 alleles regulate leaf angle. dw3 also regulates sorghum height, and
the pleiotropic effects of dw3 explain observations from sorghum literature including
a positive correlations between height and leaf angle in a sorghum grain association
panel, and increased leaf angle in some dw3 NILs (George-Jaeggli et al., 2013; Perez
et al., 2014).
While dw3 had the largest effect on leaf angle of the loci reported here, the utility
of dw3 for modulating leaf angle to improve sorghum productivity may be limited by
its pleiotropic effects on height. Previous work has shown that the reduction in shoot
biomass caused by dw3 reduces radiation use efficiency (RUE) and grain yield, which
would likely offset any benefit afforded by small leaf angle for grain and bioenergy
applications (George-Jaeggli et al., 2011, 2013). If the reduced productivity of grain
sorghum with recessive dw3 is due to a reduction in stem reserves as proposed by
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George-Jaeggli et al. (2011), any conversion efficiency benefits conferred by leaf angle
would be constrained by the sink limitation caused by reduced stem size. The effi-
ciency benefits of small leaf angles caused by the null dw3 allele may not be observed
until recessive dw3 is put into a genetic background that is not sink limited. For
bioenergy applications, it is likely that the reduction in height and biomass caused
by recessive dw3 outweighs any productivity gains afforded by leaf angle, and other
means of reducing leaf angle will be necessary. Fortunately, the genetic architecture
underlying RIL 63 is promising since small leaf angles were associated with increased
height and biomass.
In nature, large leaf angles may have been under positive selection because shad-
ing nearby plants would reduce competitors ability to compete for light and nutrients
(Schmitt et al., 2003; Drewry et al., 2014). In monoculture grain cropping systems,
small leaf angle has been under positive selection because this trait enables higher
planting density and higher grain yield, presumably due to the benefits of improved
radiation use efficiency and increased nitrogen content of canopies (Drewry et al.,
2014; Warnasooriya and Brutnell, 2014). The design of C4 energy grass crops is
at an early phase of development and could benefit from improved radiation use
efficiency afforded by small leaf angles (Mullet et al., 2014). Energy sorghum and
grain sorghum canopies close 60-75 days after seedling emergence, approximately
when grain sorghum reaches anthesis. In contrast, energy sorghum remains vegeta-
tive following canopy closure for an additional 140 days and plants retain a whorl of
developing leaves at the top of the canopy that have very small angles (Olson et al.,
2012). In grain sorghum, from anthesis through grain maturity, canopies lack the
whorl of leaves with small angles. As such, we expect that the potential effects of
leaf angles on yield will vary dependent on the duration of developmental phases of
the crop.
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The current study identified significant genetic variation for leaf angle in sorghum
germplasm that can be deployed in energy, forage, and grain sorghum breeding pro-
grams. The simulation and field results support the conclusion that smaller leaf in-
clination angles cause a redistribution of solar radiation in closed canopies resulting
in greater photosynthetic conversion efficiency and greater biomass yield potential.
Large-scale studies of energy sorghum hybrids differing in leaf angles will be required
to determine the extent to which this trait can increase biomass yield under field
conditions.
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4. BIOENERGY SORGHUM CROP MODEL PREDICTS VPD-LIMITED
TRANSPIRATION TRAITS ENHANCE BIOMASS YIELD IN
WATER-LIMITED ENVIRONMENTS1
4.1 Overview
Sorghum bicolor is a versatile, drought resilient crop used for production of grain,
forage, sugar, and biomass. Bioenergy sorghum is targeted for production in drought-
prone annual cropland not optimal for food production, and traits that improve plant
water capture and water use are necessary to maximize productivity. A crop model-
ing framework, APSIM, used extensively for analysis of grain sorghum, was adapted
to predict the growth and biomass yield of energy sorghum. APSIM simulations
of energy sorghum development and biomass accumulation replicated results from
field experiments across multiple years, patterns of rainfall, and irrigation schemes.
Additionally, APSIM was extended to enable modeling of VPD-limited transpira-
tion traits that limit crop water use under high vapor pressure deficits (VPDs). The
response of transpiration rate to increasing VPD was modeled as a linear response
until a VPD threshold was reached, at which the slope of the response changes,
representing the range of responses to VPD observed in sorghum germplasm. Sim-
ulation results indicated that the VPD-limited transpiration trait is most beneficial
in hot and dry regions of production where crops are exposed to extended periods
without rainfall or terminal drought. In these settings, slower but more efficient
transpiration increases biomass yield and prevents or delays the onset of plant dehy-
dration and leaf senescence. The VPD-limited transpiration responses observed in
1Submitted manuscript “Bioenergy sorghum crop model predicts VPD-limited transpiration
traits enhance biomass yield in water-limited environments” by Truong, SK, McCormick, RF, and
Mullet, JE, (2016)
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sorghum germplasm increased biomass accumulation by 20% in dry years, and the
ability to drastically reduce transpiration under high VPD conditions could increase
biomass by 6% on average across all years. This work indicates that the productivity
and resilience of bioenergy sorghum grown in water-limited environments could be
further enhanced by optimal deployment of VPD-limited transpiration traits. The
energy sorghum model and VPD-limited transpiration trait implementation are made
available to simulate performance in other target environments.
4.2 Introduction
Sorghum bicolor is an agronomically versatile grass crop grown for multiple pro-
duction applications and has recently emerged as a promising lignocellulosic biomass
crop. Due in part to its drought and heat tolerance, sorghum is capable of econom-
ically viable yield on land not optimal for production of many annual food crops
(Borrell et al., 2000a,b, 2014; Doggett, 1988; Kimber, 2000). Combined with C4
photosynthesis, high radiation interception and use efficiency, annual cropping sea-
sons that permit rotations and adjustments for economic conditions, and the species
amenability for genetic improvement of hybrids, these traits make energy sorghum
a productive bioenergy crop for commercial production of biofuels and bio-products
(Gill et al., 2014; Mullet et al., 2014; Rooney et al., 2007). Constructing and breeding
sorghum for bioenergy applications is a relatively new endeavor and many opportu-
nities exist to improve plant productivity that have not been explored and evaluated.
One approach to increase the rate of bioenergy sorghum crop improvement is to pri-
oritize physiological traits for genetic engineering and breeding by using models to
identify traits with significant yield benefits.
The Agricultural Production System SIMulator (APSIM) is an agricultural mod-
eling framework that enables predictions of the growth and productivity of crop
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species under varying environmental and management conditions (Holzworth et al.,
2014; Keating et al., 2003; McCown et al., 1996). The sorghum module in APSIM
has benefitted from continuous development and improvement since 1994 (Hammer
and Muchow, 1994), incorporating established models of sorghum phenology, canopy
development, growth, and nitrogen use (Rosenthal et al., 1987; Sinclair et al., 1984;
Birch et al., 1990; Chapman et al., 2000a,b; Hammer and Muchow, 1994). APSIM
has also been enhanced to model complex adaptive traits and genotype to phenotype
predictions (Hammer et al., 2010). In addition to its record of providing accurate
predictions of sorghum development (Hammer and Muchow, 1994; Kholova et al.,
2014; Kumar et al., 2009; Lobell et al., 2015), its modular design provides a flexible
platform for examining the impact of variation in traits and physiological processes
on plant development. To date, APSIM has been used predominately for modeling
grain crops and additional work has demonstrated its efficacy in sugarcane (Nair
et al., 2012). As such, APSIM should be similarly effective for examining biomass
accumulation in bioenergy sorghum with long growth durations. Therefore, we ex-
tended the grain sorghum model of APSIM to bioenergy sorghum and examined
its performance relative to experimental data from field experiments across multi-
ple years and patterns of rainfall and water availability. Additionally, APSIM was
used to investigate the potential impact of limiting transpiration under high vapor
pressure deficit (VPD) in bioenergy sorghum.
VPD describes the pressure difference between the leaf and its surrounding air,
and limiting transpiration under high VPD has been predicted to contribute to the
water use efficiency of grain sorghum and corn (Kholova et al., 2014; Messina et al.,
2015; Sinclair et al., 2005). The VPD-limited transpiration trait imposes a restriction
on transpiration rate, enabling water conservation when VPD becomes sufficiently
large (McAdam and Brodribb, 2015; Parent et al., 2009). Previous experiments
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have demonstrated that VPD-limited transpiration is a genetically regulated trait
in sorghum, and some genotypes display a linear increase in transpiration rate with
increasing VPD, whereas other genotypes display a VPD breakpoint, defined as the
VPD at which the slope of the linear response between VPD and transpiration rate
changes (Choudhary et al., 2013; Choudhary and Sinclair, 2014; Gholipoor et al.,
2010; Riar et al., 2015). These sorghum genotypes respond to high VPDs by re-
ducing their transpiration rates, effectively limiting water loss under environmental
conditions that result in low transpiration efficiencies, thereby increasing overall crop
water use efficiency.
The VPD-limited transpiration trait may be especially beneficial for bioenergy
sorghum because of the crops relatively long growing season (approx. 200 days).
Any daily advantage that the trait confers would potentially be compounded over
the long vegetative growth phases (Rooney et al., 2007; Mullet et al., 2014; Murphy
et al., 2011, 2014; Rooney and Aydin, 1999). Moreover, enhancing the ability of
energy sorghum to tolerate periods of water limitation of varying length and onset
during a long growing season will enable this crop to utilize intermittent rainfall to
capture more water for growth and biomass accumulation. Since energy sorghum
production is currently targeted for regions that are subject to intermittent water
deficit and future climate change predicts that increases in VPD will be detrimental
to vegetation (Lobell et al., 2014; McDowell et al., 2016), determining the potential
impact of the VPD-limited transpiration trait on energy sorghum biomass yield and
resilience is of great interest.
Previous approaches to incorporate a limited transpiration trait into crop models
imposed a VPD-independent and a VPD-dependent maximum transpiration rate in
grain sorghum and maize, respectively. Implementations of these models demon-
strated that limited transpiration can result in improved grain yield in drought and
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heat stressed environments by shifting water utilization from the vegetative and
booting phases to the anthesis and post anthesis phases where yield is more sensitive
to water deficit (Kholova et al., 2014; Messina et al., 2015; Sinclair et al., 2005). In
grain sorghum, VPD-limited transpiration was modeled as a maximum transpiration
rate per unit leaf area, such that the transpiration rate would plateau at the desig-
nated maximum regardless of further increases in VPD (Kholova et al., 2014; Sinclair
et al., 2005). In maize, limited transpiration was modeled as a piecewise function
whereby, at or above a designated VPD (the VPD breakpoint), transpiration rate
would plateau and not increase further (Messina et al., 2015). These models are
characteristic of some sorghum genotypes but do not capture the full range of VPD
modulated transpiration responses reported for sorghum (Choudhary et al., 2013;
Choudhary and Sinclair, 2014; Gholipoor et al., 2010; Riar et al., 2015). To capture
this additional complexity, we implemented a dynamic VPD-limited transpiration
modification as part of an energy sorghum model in APSIM and used this modifica-
tion to examine the effects of a range of VPD-limited transpiration traits on biomass
accumulation. Adapting APSIM for bioenergy sorghum and VPD-limited transpi-
ration enables predictions of energy sorghum phenology, biomass accumulation in a
range of environments and agronomic practices, and analyses of the impact of the
VPD-limited transpiration on biomass accumulation.
4.3 Methods
4.3.1 Crop model simulations for energy sorghum in APSIM
The daily progression of sorghum biomass accumulation given environmental data
and management practices was simulated using Agricultural Production Systems
Simulator (APSIM) (Holzworth et al., 2014; Keating et al., 2003; McCown et al.,
1996). The sorghum module distributed with APSIM 7.7 (www.apsim.info) incorpo-
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rates the advances described by Hammer et al. (2010) and was used in this study. A
generalized energy sorghum genotype was constructed based on the results of Olson
et al. (2012) for the energy sorghum hybrid TX08001 by adjusting the parameters
of a late maturity grain sorghum model described in APSIMs online documentation.
Table 4.1 shows the parameters adjusted to parameterize the energy sorghum model,
texas energy. While the sorghum module in APSIM is capable of modeling photope-
riod sensitivity (Hammer et al., 2010), it is not designed to model the photoperiod
sensitivity of lines that do not flower in long days regardless of accumulated thermal
degree days. The implementation of photoperiod sensitivity in the APSIM sorghum
module serves to extend thermal time in the vegetative phase and is therefore unable
to replicate the physiological basis of flowering responses of sorghum genotypes like
TX08001 that, once the minimum number of thermal degree days have accumulated,
requires exposure to a sufficiently short photoperiod to initiate flowering (Holzworth
et al., 2014; Murphy et al., 2011; Rooney et al., 2007). Due to this limitation, the
thermal time (e.g. photoperiod slope) parameters used were set to be consistent with
observed time to floral initiation for TX08001 in College Station, Texas, but they
will not generalize to other latitudes.
For environmental data, the daily maximum temperature, minimum tempera-
ture, and precipitation data for College Station, TX (Latitude 30.58917, Longitude
-97.36472) from the beginning of year 2000 to the end of year 2014 were obtained
from the Daily Global Historical Climatology Network, GHCN-DAILY, (Menne et
al 2012a, 2012b, access date: January 2016). The maximum and minimum ra-
diation per day were obtained from Maximum and Minimum Radiation Incident
On An Equator-pointed Tilted Surface (kWh/m2/day) from NASA Surface me-
teorology and Solar Energy (SSE) data set for Latitude 30.601, Longitude 96.314
(https://eosweb.larc.nasa.gov/). The tav amp APSIM function was used to
54
Table 4.1: Parameter values for modeling phenology, canopy development,
and growth in the energy sorghum crop model used in this study. The grain
sorghum crop model parameters for a late maturity cultivar described in APSIM
sorghum module (apsim.info) were modified to model energy sorghum. Energy
sorghum phenology is approximated such that energy sorghum will initiate floral
induction in mid-September given College Station, TX, environments as observed
(Olson et al., 2012; Rooney and Aydin, 1999). Other parameters were modified such
that the model output generally resembled measurements of TX08001 in 2008 (Olson
et al., 2012).
Parameter description CONSTANTS-SPECIES-SPECIFIC
Default Adjusted XML variable name
SECTION 1 - CROP PHENOLOGY: DEVELOPMENT PARAMETERS
Maximum leaf number 40 50 leaf no max
Leaf appearance rate 1 (°Cd) 41 50 leaf app rate1
SECTION 2 - PHOTOSYNTHESIS BIOMASS GROWTH AND PARTITION
Radiation use efficiency, RUE (g MJ-1) from juvenile to
floral initiation
1.25 2.3 Rue
Extinction coefficient for green leaf from row spacing 0.5
m and 1.0 m
0.40 0.70 y extinct coef
SECTION 7 - SENESCENCE AND DETACHMENT
Light delay factor for leaf senescence (days) 10.0 25.0 sen light time const
Radiation level for onset of leaf senescence (MJ m-2) 2.0 0.5 sen radn crit
Water supply:demand ratio for onset of leaf senescence
(MJ m-2)
0.25 0.03 sen threshold
GENOTYPE
late maturity texas energy
PHENOLOGY
Photoperiod criteria 2 12.3 12.4 photoperiod crit1
Photoperiod criteria 2 14.6 13.4 photoperiod crit2
Photoperiod slope 38.6 1545 photoperiod slope
LEAF AREA - TPLA approach
Curvature coefficient, α, for leaf area (1/°Cd) 0.018 0.003 tpla prod coef
Power coefficient, γ, for number of leaves to total plant
leaf area
2.95 2.68 main stem coef
Inflection coefficient, β, of total plant leaf area curve 0.66 0.725 tpla inflection ratio
CANOPY HEIGHT
Minimum weight at maximum height to calculate den-
sity of stem accumulation (g/stem)
80 230 x stem wt
Maximum height (m) 2.0 4.0 y height
calculate annual average ambient temperature (TAV) and annual amplitude in mean
monthly temperature (AMP). The soil depth parameters were adjusted to be reflec-
tive of College Station, TX, where energy sorghum root systems rarely extend beyond
1000 mm below the soil surface. This constraint was implemented by making the 6th
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soil layer (900-1200 mm depth) a water table that restricted root growth and water
uptake past the 6th soil layer.
For management, sowing each year was modeled to occur between April 14th
and May 1st. The sowing density and plant spacing in rows due to thinning reflect
practices applied in College Station, TX, in 2008 and 2009 with 13.2 plants m−2 with
76 cm row spacing. Fertilization was simulated to apply 100 kg of nitrogen (N) per
hectare on soil N demand, comparable with the production practices described in
Olson et al. (2012). The unlimited irrigation regime was implemented using furrow
irrigation between rows approximately every 2 weeks if no rainfall occurred and
less often when rainfall provided water for plant growth (Olson et al., 2012). For
simulations without VPD-limited transpiration, irrigation of 150 mm of water was
applied on soil water deficit demand of 50 mm as part of three irrigation scenarios:
no irrigation (other than starting with a fully saturated soil profile prior to sowing,
rainfall was the only water source), limited irrigation (irrigation stops on July 7th),
and unlimited irrigation (irrigation on demand during the growing season).
4.3.2 Adapting APSIM sorghum module for the VPD-limited transpiration trait
In APSIM’s sorghum model, biomass accumulation on a daily basis is calculated
from the minimum of two potential biomass changes determined primarily from two
inputs: radiation energy supply and soil water supply. For a given day, plant water
demand is calculated from radiation energy supply, and the amount of water utilized
by the plant during gas exchange required for biomass accumulation is calculated
as the minimum of soil water supply and plant water demand. In other words, if
water is not limiting, the amount of radiation received determines daily biomass
accumulation; if water is limiting, the amount of water available determines daily
biomass accumulation. To extend this model, VPD-limited transpiration was intro-
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duced into the calculation of potential change in biomass per day by impacting plant
water demand as a function of VPD. Daily weather input and biomass accumula-
tion potential were interpolated at hourly timesteps, and for each daytime hour, the
daily potential for biomass restricted by water was calculated as a function of hourly
VPD. This effectively introduced the ability for a plant to slow its transpiration rate
under conditions of high VPD (e.g., mid-afternoon), in which case the plant would
demand less water under conditions of high VPD. Consequently, this slowed the rate
of biomass accumulation under conditions of high VPD; less water was used in high
VPD conditions where more water is necessary per unit of biomass accumulated. The
calculations are described below, and their implementation in the APSIM sorghum
C++ module is made available (see Code Availability).
VPD-limited transpiration was modeled using the parameters {vpdBP ,m1,m2}
which are typically obtained from experiments quantifying VPD-limited transpira-
tion (Figure 4.2, Table 4.2). A VPD-limited transpiration trait can be characterized
by a VPD breakpoint (vpdBP ), the slope of the linear relationship between transpi-
ration rate and VPD for VPDs that are less than the VPD breakpoint (m1), and the
slope of the linear relationship between transpiration rate and VPD for VPDs that
are greater than the VPD breakpoint (m2); these three parameters can be defined in
the .xml sorghum file provided by the user. Given these parameters, a daily biomass
accumulation
∑sunset
t=sunriseB(t) is calculated on an hourly (t) basis over the course of
a day length (sunrise to sunset). In order to evaluate VPD-limited transpiration
on an hourly basis, VPD and biomass data calculated from radiation energy supply
was interpolated hourly with respect to climate data by implementing the piecewise
function described by Eccel (2010) from sunrise to sunset of sinusoid I and II equa-
tions. With this calculation, for each hour, t, there is an hourly transpiration rate,
Tr(t), based on potential biomass accumulation from radiation energy, Br(t), leaf
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area index, lai, and an hourly vapor pressure deficit, vpd(t), such that the following
can be evaluated (Table 4.2 describes variables):
Transpiration rate dependent on radiation energy available,
[h!]Tr(t) = Br(t)÷ TEc
vpd(t)
÷ lai (4.1)
Transpiration rate dependent on VPD,
[h!]Tv(t) =
(
(mT (vpd(t))× vpd(t)) + (T (vpdBP )− (mT (vpd(t))× vpdBP ))), (4.2)
where
[h!]mT (vpd(t)) =

m1, vpd(t) < vpdBP
m2, vpd(t) ≥ vpdBP
(4.3)
, and Tv(t) ≥ 0∀t, and T (vpdBP ) = m1 × vpdBP − (−(1/4) ×m1) so that at VPD
less than or equal to (1/4) there is no transpiration (Gholipoor et al., 2010).
Transpiration rate dependent on VPD, radiation energy available, and extractable
soil water,
[h!]T (t) = min(Tv(t), Tr(t), (Wsoil −Wdemand)). (4.4)
Then, for every day time hour, daily soil water used is calculated as the sum of the
hourly products of transpiration rate by leaf area, T (t)× lai,
[h!]Wdemand(t) = lai×
t∑
i=tsunriset
T (i) (4.5)
And, daily biomass is calculated as the sum of the hourly product of transpiration
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rate, T (t), leaf area, lai, and transpiration efficiency, TEc
vpd(t)
.
[h!]B(t) = lai× TEc ×
t∑
i=tsunriset
T (i)
vpd(i)
(4.6)
Table 4.2: Descriptions of variables in the VPD-limited transpiration model
modified within the APSIM sorghum module. The time-scale column de-
scribes the time-scale (e.g. development stage, day, or hour) on which the variable
changes or is evaluated. The origin column describes from where the variable is
initialized or calculated (e.g. from a sub-class of the APSIM sorghum module, from
the implementation of the VPD-limited transpiration model, or parameterized from
experimental data).
Variable Description Time-scale Origin
Br(t) Potential biomass from radiation energy interpolated
from daily potential biomass calculation from radiation
energy
Hour Biomass class (APSIM)
lai Leaf area index Day Leaf class (APSIM)
Wsoil Soil water available from water and root class Day Water class (APSIM)
TEc Genotype-specific, stage-dependent transpiration effi-
ciency coefficient
developmental stage Parameterized (Hammer et al., 1997)
m1 The slope of transpiration rate when vpd(t) is less than
vpdBP .
Fixed Parameterized
m2 The slope of transpiration rate when vpd(t) is greater
than or equal to vpdBP .
Fixed Parameterized
vpdBP Vapor pressure deficit (VPD) at which transpiration rate
transitions into another linear function.
Fixed Parameterized
vpd(t) Vapor pressure deficit (VPD) at hour t is interpolated
from minimum and maximum daily temperature.
Hour VPD-limited transpiration model
Tr(t) Transpiration rate dependent of radiation energy avail-
able
Hour VPD-limited transpiration model
Tv(t) Transpiration rate dependent on vapor pressure deficit
(VPD)
Hour VPD-limited transpiration model
T (t) Transpiration rate dependent on radiation energy avail-
able, VPD, and soil water available.
Hour VPD-limited transpiration model
Wdemand(t) Cumulative soil water demand from plant from sunrise,
tsunrise, to evaluated t. W (tsunset) is the daily soil water
demand that is passed back to the water class in APSIMs
daily process.
Hour VPD-limited transpiration model
B(t) Cumulative biomass accumulated by plant from sunrise,
tsunrise, to evaluated t. B(tsunset) is the daily biomass
that is passed back to the biomass class in APSIMs daily
process.
Hour VPD-limited transpiration model
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4.3.3 Data and code accessibility
The files used to simulate energy sorghum crop growth and the code to modify
growth based on VPD-limited transpiration can be found on GitHub (www.github.
com/MulletLab/sorghum-energy-crop-model/).
4.4 Results
4.4.1 Modeling bioenergy sorghum in APSIM
To extend the applicability of APSIM to bioenergy sorghum, parameters of a
sorghum genotype distributed with APSIM were modified to better reflect bioenergy
sorghum characteristics, namely an extended period of vegetative growth, leaf area
index (LAI), leaf number, radiation use efficiency, height, and stem density (Table
Table 4.1). The sorghum model parameters in APSIM were adjusted based on en-
ergy sorghum traits measured as part of a previous field study (Olson et al., 2012).
This study characterized the growth and development of an energy sorghum hybrid,
TX08001, near College Station, TX, in the 2008 and 2009 growing seasons that began
in middle of April and ended in early November (Olson et al., 2012). Three irrigation
regimes were applied: a rain fed environment with no irrigation, a limited irrigation
scheme where plants were watered as needed until July 7th (applied in 2008 and
2009) and an unlimited irrigation scheme where plants were watered throughout the
season (applied in 2009). Above ground biomass was measured in both years, and
in 2008, data on stem height, leaf number, and leaf area index was collected. After
parameterization based on the limited irrigation 2008 trait data, APSIM simulations
were compared with the remaining years and irrigation schemes.
Growth simulations of the energy sorghum for the unlimited, limited, and no
irrigation conditions were qualitatively consistent with field data (Figure 4.1). In
2009, unlimited irrigation plots produced greater than 5 kg m−2 (50 Mg hectare−1) of
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dry shoot biomass (Figure 4.1A). In 2008 and 2009, limited irrigation plots produced
approximately 4 kg m−2 (40 Mg hectare−1) of dry shoot biomass (Figure 4.1D). The
sorghum energy crop model qualitatively reproduced the growth trajectories observed
in the unlimited and limited irrigation plots of 2008 and 2009. In addition to overall
shoot biomass accumulation, the model also largely tracked LAI, height, and leaf
number during the 2008 limited irrigation season (Figure 4.1F-H). Finally, in the
targeted management regimes of energy sorghum, under strictly rain fed conditions,
the bioenergy sorghum crop model predicted biomass accumulation that was within
the range observed in 2008 mechanical harvests (Figure 4.1I). These results indicate
that APSIM is capable of predicting growth trajectories observed in field experiments
within the margin of uncertainty for bioenergy sorghum across multiple years and
water supply conditions.
The parameterized APSIM energy sorghum model was next used to simulate
how an energy sorghum crop would perform in the College Station, Texas, environ-
ment under different irrigation regimes and rainfall patterns over the annual growing
seasons from 2000 to 2014 (Figure 4.1K). Using rainfall data from 2000 to 2014 in
College Station, three water input regimes were imposed: unlimited, limited, and
none (i.e. strictly rain fed). As expected, the crops ability to accumulate biomass
in the three treatments diverges between 50-100 DAS when water becomes limiting,
that is, when water in the initially saturated soil profile is depleted (Figure 4.1 B, E,
J, K).
Fluctuations of environmental rainfall and VPD effect plant water use. Both
rainfall and VPD environmental factors fluctuate on a seasonal basis, and VPD
fluctuates significantly on a daily basis (Figure4.2). Sorghum transpiration efficiency
(TE) is defined as a coefficient (9 Pa) over VPD (kPA), and so as VPD increases, TE
decreases (Hammer et al., 1997) (Figure 4.2C). The effect of high VPD on water use
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Figure 4.1: Growth simulations and field data of energy sorghum in un-
limited, limited, and no irrigation regimes. Predicted biomass accumulation
given 2009 and 2008 environmental conditions under unlimited (A), limited (D), and
no (I) irrigation regimes fall within the margin of measurement error. Predicted leaf
number (F), plant height (G), and leaf area index (LAI) (H) agree with experimental
observations. Simulated water profiles from the three irrigation conditions are illus-
trated (B, E, J). Plotting descriptors are provided in panel C, and experimental data
are plotted showing means and error bars representing one standard deviation where
available, and the minimum and maximum range of observations in panel I Olson
et al. (2012). (K) Average simulated biomass accumulation for the 2000 to 2014
cropping seasons for different irrigation regimes. The means of unlimited, limited,
and no irrigation are plotted with continuous, dashed, and dotted lines, respectively.
Each irrigation regime has 68, 98 and 100 percent confidence intervals depicted with
decreasing shades of gray. The mean and confidence intervals were estimated with
50,000 bootstraps. (L) An image of energy sorghum hybrid, TX08001, in 2016 Col-
lege Station, TX, cropping season 108 days after sowing.
is further compounded by the corresponding increase in water uptake from the soil
profile by the root system as transpiration rate increases in response to increasing
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VPD. That is, as VPD increases, the transpiration rate of sorghum increases, water
uptake increases, but the efficiency of conversion of atmospheric carbon to plant
sugars per unit of water transpired decreases (Figure 4.2C, D). In cases where water
is not a limiting factor (and transpiration efficiency is not influencing biomass yield),
energy sorghum is predicted to yield 5.4 ± 0.3 (mean ± SD) kg −2 of biomass
while using 1132 ± 82 (mean ± SD) mm −2 of water during a 200 day growing
season in simulations of unlimited irrigation of 2000 2014 College Station cropping
environments. In contrast, in the absence of irrigation, the energy crop produced on
average 2.7 ± 0.8 (mean ± SD) kg −2 of biomass and uses 485 ± 120 (mean ± SD)
mm −2 of water (Figure 4.1K). These results indicate that water is a limiting factor
of sorghum biomass accumulation.
4.4.2 Modeling VPD-limited transpiration trait
To examine the potential utility of the VPD-limited transpiration trait to improve
water use in bioenergy sorghum, the APSIM sorghum growth model was modified.
Since previous experimental work demonstrated that the VPD-limited transpiration
trait is dependent on VPD and is sensitive to 1 kPA changes in VPD (Choudhary
et al., 2013; Choudhary and Sinclair, 2014; Gholipoor et al., 2010; Riar et al., 2015),
and since the range of VPDs experienced by a crop over the course of a day is
greater than 1 kPA due to daily variation in temperature, the APSIM model was
modified so that the calculated daily water uptake could be altered by a VPD-
limited transpiration trait calculated in hourly timesteps, an approach similar to
that implemented by Sinclair et al. (2005); Messina et al. (2015) and Kholova et al.
(2014).
VPD-limited transpiration trait was simplified into two different linear response
slopes, m1 and m2, where the transition between m1 and m2 is determined by a
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Figure 4.2: Seasonal fluctuations of water and VPD and their relation-
ship to sorghum transpiration rate and efficiency. (A and B) Distribution of
daily rainfall (mm) and daily vapor pressure deficit, VPD, (kPa) over the 2000-2014
cropping seasons in College Station, TX, calculated as a mean of a 30-day sliding
window. The mean is plotted as a solid line, the lighter transparent fill is the en-
tire data range (minimums and maximums) and the darker transparent fill is one
standard deviation from the mean. (C) Transpiration efficiency, biomass produced
per unit of water transpired (g m−2 mm−2), and (D) a hypothetical transpiration
rate (solid black line), the amount of water uptake per unit time (mm m−2 s−2), and
their responses to VPD ( kPa−1 ) are plotted along the x-axes sharing the y-axis of
panel B. VPD-limited transpiration trait parameters {vpdBP , m1, m2} is denoted in
blue. (E) Image of energy sorghum, TX08001, in College Station TX at 108 days
after sowing in 2016.
VPD threshold, vpdBP (Figure 2D). Such that, given genetic parameter set {m1, m2,
vpdBP} and vpd(t), the VPD at hour t, transpiration rate, T(t), is described as the
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following:
[h!]T (t) =
(
(mT (vpd(t))× vpd(t)) + (T (vpdBP )− (mT (vpd(t))× vpdBP ))), (4.7)
where
[h!]mT (vpd(t)) =

m1, vpd(t) < vpdBP
m2, vpd(t) ≥ vpdBP
(4.8)
Specifically, VPD-limited transpiration using parameters m1 , m2 ,vpdBP derived
from studies of sorghum responses to VPD conducted by Choudhary et al. (2013);
Choudhary and Sinclair (2014); Gholipoor et al. (2010) and, Riar et al. (2015) (Table
4.3 contains the parameters used). In this manner, each genotype is assigned VPD-
limited transpiration parameters, {m1 , m2 ,vpdBP} (denoted blue in Figure 4.2D),
where m1=m2 if the plant has no unique vpdBP , response of transpiration rate to
VPD is linear (black line in Figure 4.2D).
Table 4.3: Descriptions of variables in the VPD-limited transpiration model
modified within the APSIM sorghum module. The time-scale column de-
scribes the time-scale (e.g. development stage, day, or hour) on which the variable
changes or is evaluated. The origin column describes from where the variable is
initialized or calculated (e.g. from a sub-class of the APSIM sorghum module, from
the implementation of the VPD-limited transpiration model, or parameterized from
experimental data).
Genotype m1 m2 vpdBP Literature
BQL41 20.26 7.27 1.17 Choudhary et al. (2013)
BTx623 56.3 10.4 2.05 Gholipoor et al. (2010)
SC803 39.8 -6.1 2.29 Gholipoor et al. (2010)
SC35 8.96 -12.49 2.91 Choudhary et al. (2013)
Tx436 6.62 - - Choudhary et al. (2013)
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BQL41 is characterized by a particularly low vpdBP of 1.17 kPA and its tran-
spiration response to VPD is postulated to improve performance in dry environ-
ments (Choudhary et al., 2013). To examine the physiological effect of BQL41s
low vpdBP on biomass yield and water use efficiency in water-limited environments,
biomass accumulation of a VPD-limited transpiration trait that reflects the m1 and
vpdBP of BQL41 were combined with variation in m2 values. Five m2 values were
evaluated: (a) m2=7.27, the transpiration rate that was experimentally obtained
from the BQL41 genotype, (b) m2=0.0, a maximum transpiration rate which reflects
how VPD-limited transpiration has been modeled previously (Sinclair et al., 2005;
Messina et al., 2015; Kholova et al., 2014), (c) m2=20.26, a response that reflects a
lack of a vpdBP (i.e., m1=m2=20.26), (d) m2=-6.1, and (e) m2=-12.49 transpiration
responses to VPD that were experimentally obtained from SC803 and SC35 geno-
types by Gholipoor et al. (2010) and Choudhary et al. (2013), respectively (Table
4.3).
The VPD-limited transpiration model was used to analyze the response of geno-
types evaluated over the course of the growing season in the rain fed environments of
College Station, TX (Figure 4.3). In these simulations, a less extreme m2 of SC803
(m2=-6.1) marginally outperformed the genotype lacking a vpdBP over a 14 year av-
erage by 1.6 % (Supplemental Figure C.3, Supplemental Table C.1). The total end
biomass accumulated by each of the genotypes investigated ranked from largest to
smallest: 2.35 kg m−2 (SC803; m2=-6.1), 2.31 kg m−2 (no vpdBP ; m2=20.26), 2.29 kg
m−2 (maximum limited transpiration; m2=0), 2.28 kg m−2 (BQL41; m2=7.27), and
2.25 kg m−2 (SC35; m2=-12.49) (Supplemental Table C.1). The genotypes with a
vpdBP have slower growth and biomass accumulation at the beginning of the season,
however as soil water begins to be depleted, the LAIs diverge such that genotypes
with the lower m2 have more live leaves than the genotypes with the higher m2. This
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biomass growth enabled by larger LAI is reflected in soil water extraction responses,
where upon a period of rainfall later in the season, the genotypes with a vpdBP are
able to utilize more water and yield more biomass before the end of the season, like
that of m2=-6.1 (Supplemental Figure C.3).
Figure 4.3: Performance of VPD-limited transpiration determined by
drought condition. (A) Boxplots show the biomass difference between geno-
types with a VPD-limited transpiration trait and the genotype that lacks a vpdBP
(m2=20.26). The notches represent the 95% confidence interval of the median. These
statistics are plotted against end biomass accumulated (DAS 200) by the genotype
that lacks a vpdBP , where the vertical sets of plots are separated by years categorized
on the drought condition. Rainfall per day is calculated from sliding windows of 75
days. For sliding windows that center from DAS 107 139, if the average rainfall
per day ever falls below 1.2 mm, then the year is considered a drought year. (B, C)
The mean, standard deviation, and entire range of rainfall in sliding windows for the
years considered drought and non-drought are plotted, respectively. The center of
sliding windows evaluated for the drought condition is highlighted orange.
67
Further examination of biomass differences relative to timing of water availability
suggests that the VPD-limited transpiration trait is beneficial when a long period
of drought is experienced during the cropping season. A drought was defined as an
event where the average rainfall per day fell below 1.2 mm given a 75-day sliding
window average between DAS 107 139. Applying this drought criterion to rain-fed
cropping environments of College Station, TX, for 2000 2014, and then evaluating
the previous combination of m1, m2, and vpdBP suggested that the VPD-limited
transpiration trait is beneficial in water-limited environments, since VPD-limited
transpiration plants with negative m2 parameters always yielded greater biomass
(Figure 4.3 and Supplemental Table C.1). Consistent with other crop models that
predict limited transpiration plants perform better in conditions where non-limited
transpiration plants will have low yield (Messina et al., 2015), a sorghum genotype
with maximum limited-transpiration (m2=0) on average yielded more biomass than
a sorghum genotype lacking a vpdBP (m2=m1=20.26) in low yield environments (¡ 2.0
kg m−2 of the genotype lacking a vpdBP in rain fed conditions of College Station, TX
2000 2014) (Supplemental Figure C.4). Moreover, differences in predicted canopy
maintenance are also an effective predictor of years where VPD-limited transpiration
plants outperform their non-limited transpiration counterparts (Supplemental Figure
C.5), a property that has been observed in other limited-transpiration crop models
(Hammer et al., 2016; Kholova et al., 2014). Regardless of the criteria used to predict
conditions where VPD-limited transpiration will be beneficial (i.e. drought, yield,
or LAI), more restrictive transpiration responses associated with more negative m2
values perform progressively better in water-limited, low-yielding environments that
lead to loss of canopy, but progressively worse in higher-yielding conditions where
crop canopies are maintained. This resulting trade-off is further emphasized in a
simulated terminal drought versus well-watered condition (Supplemental Information
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and Supplemental Figure C.6), where water availability dictates whether the trait is
beneficial or a liability.
To investigate the impact of variation in m1 slopes, plants lacking a vpdBP
were simulated to reflect the range of transpiration responses to varying VPD that
have been experimentally identified (m1∈{6.62, 56.3}) and a hypothetical extreme
(m1=200.0). Specifically, TX436 (m1= 6.62; Choudhary et al. (2013)), BQL41
(m1=20.26; Choudhary et al. (2013)), and BTX623 (m1= 56.3; Gholipoor et al.
(2010)) and the hypothetical extreme (m1=200.0) were simulated using the VPD-
limited transpiration modification with no vpdBP (m1=m2) (Figure 4.4). On average
across 14 years in rain fed College Station, TX, cropping environments, increased
values of m1 resulted in higher biomass accumulation, with m1 of 56.3, yielding
approximately 2.5 kg m−2, similar to the daily model without VPD-limited tran-
spiration model. Higher m1 values (m1¿56.3) did not increase end-point biomass
accumulation. While biomass accumulation was positively related to larger m1 val-
ues, it also resulted in slower canopy development (LAI) and greater leaf senescence
(Figure 4.4D). Despite reductions in leaf area, genotypes with larger m1 values still
produced more biomass than genotypes with smaller m1 values on average over the
14 years analyzed.
To examine the influence of all three parameters describing VPD-limited tran-
spiration, vpdBP and m2 were varied within the genetic bounds observed in the
literature, and their impact on biomass yields given different m1 parameters were
evaluated (m16.62, 20.26, 56.3). A range of vpdBP values (vpdBP∈{1.17, 2.91}) rep-
resenting the range bounded by BQL41 and SC35, respectively, and a range of m2
values (m2∈{-12.49, 56.3}) representing the range bounded by SC35 and BTX623,
respectively, were explored (Gholipoor et al., 2010; Choudhary et al., 2013). Com-
binations of these parameters were simulated in rain fed College Station, TX, en-
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Figure 4.4: Energy sorghum biomass accumulation from 2000-2014 crop-
ping seasons simulated in College Station, TX, with water supply coming
only from rainfall. (A-D) Growth simulation of plants with no vpdBP (m1= m2)
are plotted with continuous colored lines that correspond to their m16.62, 20.26, 56.3,
200. (C) Cumulative biomass, (D) leaf area index (LAI), and (E) extractable soil
water are plotted as the means and 98% confidence intervals estimated with 50,000
bootstraps.
vironments of 2000 2014 cropping seasons. The total biomass accumulated at 200
days after sowing (DAS) is used as a measurement of crop productivity. These pro-
ductivity landscapes illustrate the influence of VPD-limited transpiration trait, and
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indicate that, on average, in the target environment of College Station, TX, m1 is
the greatest driver of average productivity of the sorghum crop (Figure 4.5). All
simulated genotypes with an m1=56.3 produced more biomass than those with an
m1=20.26 or 6.62, regardless of m2 and vpdBP .
Contour plots of the three m1s show that the extent of phenotypic variation in-
troduced by the other two parameters m2 and vpdBP is influenced by the magnitude
of m1, where the variation in cumulative biomass increases as m1 decreases. Further-
more, from analysis of BQL41, the relationship between transpiration rates m1 and
m2, where the beneficial changes were observed when where m2 ∼= −m1/3, which is
not within the genetic parameter space observed given an m1=56.3. This suggested
that there may exist a theoretical m2 for m1=56.3 that would be predicted to increase
productivity beyond the 0.2% in the observed parameter space.
For an m1=56.3, the exploration of a theoretical m2 outside what has been pre-
viously observed for VPD-limited-transpiration predicted that an m2= -290 with a
vpdBP= 2.05 would increase biomass by 6.5%, yielding an average of 2.73 kg m
−2 in
rain fed College Station, TX (2000-2014) (Figure 4.6). This extreme m2= -290 would
be reflective of a genotype that essentially stops transpiration at VPDs higher than
its vpdBP . Furthermore, observation of the fitness landscape suggests that it is not
essential to find the exact combination of vpdBP and m2, but that there is a gradual
ridge constructed by combinations of the two VPD-limited transpiration parameters
that would improve biomass accumulation by ≥5% (Figure 6). This ridge shows the
relationship between the vpdBP and m2 for increasing biomass by 5% in rain fed
College Station, TX (2000 2014) in the VPD-limited transpiration diagram, where
as vpdBP increased, the range of m2 parameters to combine for beneficial produc-
tivity increases. This relationship with vpdBP is likely related to the effect of VPD
on transpiration efficiency, TE, which is inversely proportional to VPD through the
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TEc coefficient: TE =
TEc
vpd
.
4.5 Discussion
The bioenergy sorghum crop model leverages the utility of the well-developed
APSIM framework and the APSIM-sorghum crop model and is made available for
evaluation in target environments so that general production predictions can be eval-
uated in silico to inform experimental design or production deployment. Evaluation
in College Station, TX, serves as an example of a relatively hot and dry environment
where bioenergy sorghum is targeted to be deployed. Under rain fed conditions in
College Station, Texas, where the median rainfall over the growing season used for
the simulations was 52.3 cm, bioenergy sorghum is projected to yield approximately
25 Mg hectare−1 per year. This model prediction is consistent with the biomass
yield of TX08001 (∼15-26 Mg hectare−1) grown without irrigation in large plots
that were machine harvested in 2008 and 2009 (Olson et al., 2012), suggesting that
the bioenergy crop model can be used to evaluate in future target environments.
Adapting the bioenergy sorghum model to evaluate the VPD-limited transpira-
tion trait indicated that certain VPD-limited transpiration characteristics can be
beneficial for bioenergy sorghum in water-limited rain-fed environments, providing a
potential means to increase biomass production on annual cropland that is marginal
for many food crops. The available model extension can be used to evaluate whether
the trait would be desirable in other the target production environments and to de-
termine trade-offs to be considered, as indicated by the College Station, TX, case
study (mean ± SD: 56 ± 18 cm of rainfall per cropping season for 2000 2014).
The VPD-limited transpiration trait benefits plants most when increased transpira-
tion efficiency can compensate for reduced growth rate. However, this improvement
is not attained if water is not sufficiently limited, an emergent property that has
72
been associated with limited transpiration traits in grain sorghum (Hammer et al.,
2016; Kholov et al., 2014). In general, plants with smaller m1 or m2 values transpire
less water per day, resulting in lower water demand, and consequently, these plants
showed delayed and reduced leaf senescence during the water-limited portion of the
season. This is beneficial if leaf area would otherwise dramatically fall due to water
stress. Examining the rainfall distribution and its effect on VPD-limited transpira-
tion trait showed that in drought conditions m2=-12.49 gained 20% more biomass
than genotypes lacking a vpdBP and in non-drought conditions generate 10% less
biomass, illustrating this trade-off (Supplemental Table C.1). Determining target
environments that benefit from VPD-limited transpiration will be critical in testing
the utility of the trait as well as in screening for energy sorghum hybrids that exhibit
VPD-limited transpiration (Tardieu, 2011).
We note that VPD-limited transpiration given the constraints of parameters from
previously studied germplasm provides little in the way of average yield benefits in
College Station, TX, environment. However significant benefits are obtainable out-
side of these parameter constraints (i.e. m2¡-200). Evidence by work from others
suggests that limiting transpiration can be environmentally triggered by changes in
VPD (Lobet et al., 2014; McAdam and Brodribb, 2015; Kholova et al., 2014), by driv-
ing foliar accumulation of the phytohormone abscisic acid (ABA) (Assmann et al.,
2000; Bauer et al., 2013; McAdam and Brodribb, 2015; McAdam et al., 2015), and
the increase of ABA modifies stomatal aperture in turn reducing plant transpiration
(Boyer, 2010; Cutler et al., 2010; Parent et al., 2009; Tardieu and Davies, 1992).
Stomatal closure can be further engineered via the ABA pathway, whereby appli-
cation of agrochemicals on plants expressing genetically engineered ABA drastically
reduces transpiration on demand (Park et al., 2015). Genetic engineering approaches
like these may provide a means to design plants with more negative m2 and improved
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yields.
In conclusion, this study (i) demonstrated that modeling of energy sorghum in
the APSIM framework is able to track field growth in different environments, (ii)
extended the daily APSIM-sorghum model to incorporate hourly VPD-limited tran-
spiration, (iii) found that VPD-limited transpiration can improve crop productivity
in water-limiting environments by maintenance of crop canopies to utilize sporadic
rainfall, (iv) and make this model and extension available for further evaluation of
bioenergy sorghum production in other targeted environments.
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Figure 4.5: Landscapes of energy sorghum productivity for varying m1, m2
and vpdBP within the observed phenotypic parameters. End biomass at 200
DAS predicted from rain fed College Station, TX (2000 2014) was used as a measure
of productivity. (A) m1 was varied to reflect the extremes (6.62, Tx426 and 56.3,
BTx623) and a moderate transpiration rate (20.26, BQL41). (B) m2∈{-12.49, 56.3}
and vpdBP∈{1.17, 2.91} are evaluated for each m1 and the predicted average end
biomass was interpolated to construct the topological surfaces. (D-F) The topology
of each m1 surface is also plotted two-dimensionally, with contour lines to depict
variation of end biomass at 200 DAS. The red star in panel E represents the VPD-
limited transpiration parameters of BQL41.
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Figure 4.6: Theoretical energy sorghum productivity landscape. (A) A com-
bination of m1=56.3 representing BTx623, a range of vpdBP values (vpdBP ∈{1.17,
2.91}) representing BQL41 and SC35, and a range of m2 values (m2 ∈{-1000,-10})
beyond the observed genotypic parameters were evaluated for end biomass in rain
fed College Station, TX, cropping environments 2000 2014, and their averages are
interpolated to create the topology of end productivity.
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5. CONCLUSION
Crop production will need to approximately double by 2050 to meet the global
projected caloric and energy demands from imposed by the increasing size and eco-
nomic aﬄuence of the global population (Godfray et al., 2010; Alexandratos and
Bruinsma, 2012; Foley et al., 2011; Tilman et al., 2011). However, these demands
cannot be sustainably met given the current trends in yield improvement. Agricul-
tural intensification must shift its methods to mitigate damage to to natural ecosys-
tems and environment, and be implemented in the context of projected conditions,
where anthropogenic climate change is causing increased uncertainty for plant pro-
ductivity (Foley et al., 2011; Mueller et al., 2012; Tilman et al., 2011; Porter et al.,
2010; Lobell et al., 2014).
Towards the goal of sustainably increasing crop productivity, this dissertation
describes the use of modeling and genetics to study sorghum traits that yield per-
formance improvements in current and projected production environments. Chapter
2 developed a model to improve calculations of genetic linkage in plant recombinant
inbred line populations so that regions of the genome associated with phenotypic vari-
ation can be more accurately defined. Chapter 3 constructed functional-structural
plant models to explore the effect of a crop canopy architecture trait, leaf angle,
on plant productivity. Combined with field experimentation and genetic analyses
this lead to the identification of genomic loci regulating leaf angle and quantified
its predicted impact on biomass accumulation. Finally, chapter 4 parameterized a
bioenergy sorghum crop model to predict production of lignocellulosic biomass and
was extended to explore how VPD-limited transpiration influenced the crop growth
and end productivity through its effect of plant water use. This work contributes
77
towards the design and identification of robust and superior sorghum ideotypes for
target production environments.
Improving crop productivity is currently hindered by the rate at which we can
alter biological systems with predictable consequences. Research into crop improve-
ment is composed of many disciplines, from biochemistry and molecular genetics to
economic and climate analyses, and interrelating knowledge across disciplines will
improve the rate with which innovative solutions can be employed to provide more
efficient food and economically competitive energy sources. The integration of math-
ematical and statistical models can be leveraged to identify emergent properties in
crop production systems to complement and prioritize experiments that improve eco-
nomic gains. As an example, genomic prediction models could be used to predict
the allelic effects of genetic variants on quantitative traits that then are used to pa-
rameterize functional-structural plant models to simulate microenvironments such
as light distribution in the crop canopy. The effects of the redistribution of light
can then be used in crop-level models to predict overall crop productivity, and yield
information can be used for regional economic modeling given current and projected
climate environments. From these models, productivity landscapes can be searched
to identify optimal allelic combinations that can then be designed and deployed in
multi-site field trials for further testing. In this manner, the phenotypic search space
can be more rapidly and intelligently searched to increase the rate of yield gains
in agricultural crops. Moreover specific work into integrating or interrelating these
ideas through modeling has shown promise from industry and academia (Technow
et al., 2015; Cooper et al., 2016; McDowell et al., 2016).
Integrating and interrelating tools and methods from multiple perspectives has
accelerated research, and there will be continued gains from interdisciplinary work
to generate high-performing cultivars in target current and projected environments.
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APPENDIX A
SUPPLEMENTAL MATERIAL FOR RESOLUTION OF GENETIC MAP
EXPANSION CAUSED BY EXCESS HETEROZYGOSITY IN PLANT
RECOMBINANT INBRED POPULATIONS 1
Plant Generation % Observed % Expected Citation
Arabidopsis F8 0.42 0.78125 Lister and Dean (1993)
Tomato F7 15.0 1.5625 Paran et al. (1995)
Maize F10 1.6 0.1953125 Burr and Burr (1991)
Maize F10 2.7 0.1953125 Burr and Burr (1991)
Sorghum F6 4.69 3.125 Peng et al. (1999)
Sorghum F5 19.76* 6.25 Kong et al. (2013)
Table A.1: Reports of deviation from expected heterozygosity maintained
per generation. The 19.76% from Kong et al. comes from an average of the
reported distorted regions across the genome; the total proportion of heterozygosity
could not be located in the publication, so this is likely an overestimate.
A.1 Solving for the general solution, pFt , in MATLAB
Given the theory derived for pFt
′ = TpFt−1
′ we solved for the general solution
of pFt using MATLAB (2010) and an M-file is provided as a supplemental file to
document all variables defined and calculations. The M-file can be found on https:
//github.com/MulletLab/exHet_Supplement, and we also provide it below.
1Reprinted from S. K. Truong, McCormick, R. F., Morishige, D.M., and J. E. Mullet, 2014.
Resolution of Genetic Map Expansion Caused by Excess Heterozygosity in Plant Recombinant
Inbred Populations. G3: Genes — Genomes — Genetics 4: 1963-1969 under the Creative Commons
Attribution Unported License (http://creativecommons.org/licenses/by/3.0), which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited. Copyright©2014 Truong & McCormick et al.
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Figure A.1: Estimated recombination fractions, rˆ, of excess heterozygosity
versus Mendelian expectations for t = 3. Recombination fractions estimated
from genotype frequencies under Mendelian expectations (h=0.5) versus under mod-
eling a global heterozygosity advantage (h=0.6373) at generation t = 3 of a selfing
population. This shows that if the population was retaining excess heterozygosity
(at a rate of 63.73% each generation as opposed to the Mendelian 50%), then esti-
mating recombination fractions under Mendelian expectations would shrink the map
if observed at generation t = 3.
% MATLAB M-file to derive the general solution for the probability of
% a marker in a genotype class given a selfing population, Ft, for t
% generations. This is supplemental information for Truong & McCormick
% et al (2014) where we incorporate a heterozygosity zygotic viability term.
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%% assign variables:
% r is the recombination frequency, and t is the generation interval
syms r t;
% h is amount of heterozygosity maintained in each generation and can be
% parameterized given generation t. That is if H is the amount of
% heterozygosity in an Ft population, then hˆ(t-1)=H
syms h;
% u is the viability of Aa to AA and aa
% solve(h == ((2*uˆ2)*((1-r)ˆ2+rˆ2) + (2*2*u*r*(1-r)))/d , u )
syms u;
u = -(2*h*r - r + ((rˆ2 - 2*h*r + h)*(2*h*r - 2*r - h + rˆ2 + 1))ˆ(1/2) - 2*h*rˆ2
+ rˆ2)/(h + 2*r - 2*h*r + 2*h*rˆ2 - 2*rˆ2 - 1);
% d is a parameter necessary to weigh to u appropriately
syms d;
d = 2*((1-r)ˆ2)+8*u*r*(1-r)+ 2*(rˆ2)+ 2*(uˆ2)*(((1-r)ˆ2)+(rˆ2);
% Transition probability matrix for 5 classes of genotypes
T = [
1, 0, (1-hˆ1)/2, (2*((1-rˆ1)ˆ2))/dˆ1, (2*(rˆ2))/dˆ1;
0, 1, (1-hˆ1)/2, (2*(rˆ2))/dˆ1, (2*((1-rˆ1)ˆ2))/dˆ1;
0, 0, (hˆ1), (8*uˆ1*rˆ1*(1-rˆ1)ˆ1)/dˆ1, (8*uˆ1*rˆ1*(1-rˆ1)ˆ1)/dˆ1;
0, 0, 0, (2*uˆ2*(1-rˆ1)ˆ2)/dˆ1, (2*uˆ2*rˆ2)/dˆ1;
0, 0, 0, (2*uˆ2*rˆ2)/dˆ1, (2*uˆ2*(1-rˆ1)ˆ2)/dˆ1];
% Take eigenvalues of Transition probability matrix to set up system of
% equations to find the general solution given generation t for all 5
% classes
100
eigT = eig(T);
% qit=[
% p(class 1 in generation t);
% p(class 2 in generation t);
% p(class 3 in generation t);
% p(class 4 in generation t);
% p(class 5 in generation t)];
% Initialize probability of class given generation t. For an F1 (t=1)
% from the initial mating of homozygous parents (ie AABB x aabb), all
% individuals in the F1 are of class 4 (ie AaBb in coupling (AB/ab))
qi1=[0;0;0;1;0];
qi2 = T*qi1;
qi3 = T*qi2;
qi4 = T*qi3;
% bclass = [
% p(class in F1);
% p(class in F2);
% p(class in F3);
% p(class in F4)];
% Set up the frequences directly in F1, F2, F3, and F4 for each
% class
b1=[qi1(1,1);qi2(1,1);qi3(1,1);qi4(1,1)];
b2=[qi1(2,1);qi2(2,1);qi3(2,1);qi4(2,1)];
b3=[qi1(3,1);qi2(3,1);qi3(3,1);qi4(3,1)];
b4=[qi1(4,1);qi2(4,1);qi3(4,1);qi4(4,1)];
b5=[qi1(5,1);qi2(5,1);qi3(5,1);qi4(5,1)];
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% Set up the 4 linear equations (for each generation t=1,2,3,4)
A=[
eigT(1,1)ˆ1 eigT(2,1)ˆ1 eigT(3,1)ˆ1 eigT(4,1)ˆ1;
eigT(1,1)ˆ2 eigT(2,1)ˆ2 eigT(3,1)ˆ2 eigT(4,1)ˆ2;
eigT(1,1)ˆ3 eigT(2,1)ˆ3 eigT(3,1)ˆ3 eigT(4,1)ˆ3;
eigT(1,1)ˆ4 eigT(2,1)ˆ4 eigT(3,1)ˆ4 eigT(4,1)ˆ4];
% We now have a system of 4 linear equations with 4 unknowns for each class
% A*[coefficients of general solution]=bclass
x1=linsolve(A,b1);
x2=linsolve(A,b2);
x3=linsolve(A,b3);
x4=linsolve(A,b4);
x5=linsolve(A,b5);
q it=[eigT(1,1)ˆt eigT(2,1)ˆt eigT(3,1)ˆt eigT(4,1)ˆt];
% pclass is the probability of class i (where i=1,2,3,4,5) given
% heterozygosity maintained h, recombination r, and generation t
p1=q it*x1;
p2=q it*x2;
p3=q it*x3;
p4=q it*x4;
p5=q it*x5;
A.2 Parameterization of the heterozygosity term
To generate the sorghum genetic map presented in this study, we modeled a
global heterozygosity maintained per generation parameter, h, based on the average
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heterozygosity observed, H. We briefly discussed the possibility of more local esti-
mations of h, and here we explore the topic in greater detail. Here, we (i) analyze
the distribution of heterozygosity, (ii) provide further reasoning to using a global
heterozygosity term as well as (iii) present two methods for parameterizing more
local fluctuations in h. The first method estimates an h for each linkage group and
is implemented as an option in est.rf.exHet(), and the second method derives an h
for each marker pair. We also acknowledge an intermediate approach whereby local
heterozygosity could be estimated on a regional basis to parameterize a regional h,
perhaps with a sliding window.
A.2.1 A global heterozygosity term
Figures A.1 and A.2.1 show that there are regions of variable heterozygosity such
that groups of markers vary in their proportion of individuals heterozygous relative
to the genome-wide average. When modeling recombination fractions under either
Mendelian or excess heterozygosity (as done in the paper) it is assumed that geno-
types are uniformly distributed. However, we find that the proportion of heterozy-
gous individuals at a marker more closely follows a normal distribution, suggesting
that the assumption of a uniform distribution underlying both models may need to
be revisited (Figure A.2.1). However, given (i) that the proportions of heterozygosity
are greater than those expected under the Mendelian model genome-wide (Figures
A.1 and A.2.1) and (ii) the precedence for assuming a uniform distribution used when
estimating recombination fractions under the Mendelian model, we found the use of
a global heterozygosity parameter taken from the average of all markers’ genotypes
to be a reasonable choice.
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A.2.2 Local heterozygosity term for each linkage group, hlinkage group #
An alternative to map estimation using a global heterozygosity term is to es-
timate h for each linkage group. We implemented this alternative, and in our
use cases, employing a local parameterization of the heterozygosity based on link-
age groups gave similar results to the global heterozygosity parameterization (see
Figure A.3 and spreadsheet provided at https://github.com/MulletLab/exHet_
Supplement). Calculating recombination fractions with local heterozygosity based
on linkage groups can be used by invoking est.rf.exHet(hetByLinkageGroup=TRUE).
An example of how to call the function used to parameterize h by linkage groups is
provided in the example code at https://github.com/MulletLab/exHet_Supplement.
A.2.3 The derivation for a local heterozygosity term for each marker, hmarker
Here we briefly discuss a general solution, pFt
′ = TpFt−1
′, to be solved for in order
to incorporate differential heterozygosity for each marker. While we derive it here,
we chose not to use it and did not implement it due to the pitfalls associated with
overfitting data.
This follows the theory described in the paper such that we will build the transi-
tion probability matrix and then solve for the general solution of pFt . First we will
redefine our genotype classes. We are going to treat different markers with differen-
tial heterozygosity terms, so it would be nice to split the single heterozygote class
(enumerated class 3 in the paper) to class 3α and class 3β. Such that now we have
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pFt =

p(class 1)
p(class 2)
p(class 3α)
p(class 3β)
p(class 4)
p(class 5)

t
=

p(genotypes)
p(AB
AB
) + p(ab
ab
)
p(Ab
Ab
) + p(aB
aB
)
p(AB
aB
) + p(Ab
ab
)
p(AB
Ab
) + p(aB
ab
)
p(AB
ab
)
p(Ab
aB
)

t
A.2.3.1 class 1 and class 2
The transition from class 1 and class 2 in generation t to generation t + 1 are
fixed.
A.2.3.2 class 3
The transition from class 3 in generation t to generation t + 1 will take into
consideration only the segregation of one marker that is heterozygote in generation t
as the other marker will be homozygote and thus fixed in any subsequent generation
after t.
If Hα,Ft proportion of heterozygosity observed in marker α for an Ft family and
we assume that the amount of heterozygosity maintained in marker α, hα, each
generation prior to generation t is the same, then we can solve for hα through the
following relationship hα
t−1 = Hα,Ft . hα will be modeled into the transition proba-
bility matrix as a modifier of expected segregation. To do so, we can treat marker
α’s genotypes (zygotes) with differential viability (expectation to be observed in the
next generation). Define the amount of heterozygosity maintained at marker α as
hα (parameterized from data as shown above) through selfing. Then our expected
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segregation ratio for AA : Aa : aa is
1− hα
2
: hα :
1− hα
2
.
Notice that under the assumption of Mendelian segregation, hα = 1/2 and the ex-
pected Mendelian segregation would then be the familiar 1 : 2 : 1. The same model
is true for marker β.
A.2.3.3 class 4 and 5
The transition from class 4 and 5 in generation t to generation t + 1 will take
into consideration both the segregation of two markers that are heterozygous at
generation t and the recombination frequency between the two markers.
Similar to treatment of heterozygosity for one marker, we now have a heterozy-
gosity term for both marker α, hα, and marker β, hβ. Given two heterozygosity terms
(one for each marker), we can parameterize both hmarker’s for each pair of markers
in genetic map construction. Now, in the context of zygotic differential viability,
assume that
1. the viability of genotype Aa relative to AA or aa is uα (dependent on hα)
2. the viability of genotype Bb relative to BB or bb is uβ (dependent on hβ)
such that the expected segregation is now
prob(genotype t | class 4 t−1) =

AA Aa aa
BB 1
d
(1− r)2 2uα
d
r(1− r) 1
d
r2
Bb
2uβ
d
r(1− r) 2uαuβ
d
[r2 + (1− r)2)] 2uβ
d
r(1− r)
bb 1
d
r2 2uα
d
r(1− r) 1
d
(1− r)2

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where d = 2(1−r)2+4uαr(1−r)+4uβr(1−r)+2r2+2uαuβ[(1−r)2+r2]. Then, the
amount of heterozygosity retained in generation t for a marker pair of either class 4
or 52 in the previous generation t− 1 should satisfy
h =
1
2
prob(AaBB) +
1
2
prob(AABb) + prob(AaBb) +
1
2
prob(aaBb) +
1
2
prob(Aabb)
such that given data Hα,Ft , Hβ,Ft , and t we can calculate
hmarker = e
ln (Hmarker,Ft)
t−1 .
Furthermore, given data r for each marker pair we can subsequently calculate uα, uβ
and d .
A.2.3.4 Transition probability matrix
Incorporating the transition from a class # to other classes (from the previous
sections) in every generation, we now have a transition probability matrix,
T =

class 1 class 2 class 3α class 3β class 4 class 5
class 1 1 0 1−hα
2
1−hβ
2
2(1−r)2
d
2r2
d
class 2 0 1 1−hα
2
1−hβ
2
2r2
d
2(1−r)2
d
class 3α 0 0 hα 0
4uαr(1−r)
d
4uαr(1−r)
d
class 3β 0 0 0 hβ
4uβr(1−r)
d
4uβr(1−r)
d
class 4 0 0 0 0
2uαuβ(1−r)2
d
2uαuβr
2
d
class 5 0 0 0 0
2uαuβr
2
d
2uαuβ(1−r)2
d

With T defined, we can solve for the general solution of pFt dependent on t, r,
2A probability matrix of all genotypes created after selfing of class 5 would look similar except
for the exchange of rows 1 and 3.
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and HFt for every marker pair. Solving for the general solution here is conceptually
similar to the process described for the global heterozygosity term and described in
the M-file in section 1.
A.3 Genetic map estimations of simulated datasets with excess heterozygosity
This section describes a simulation study performed to demonstrate the effect of
accounting for excess heterozygosity in the genetic model. Figure A.3 and the as-
sociated spreadsheet found at https://github.com/MulletLab/exHet_Supplement
provide the results of estimating genetic maps for the sorghum mapping population
and the simulated data using different models and methods. The following factors
were considered:
1. Dataset
(a) BTx623 x IS3620c with tight double recombinations removed
(b) BTx623 x IS3620c without tight double recombinations removed
(c) Simulated data generated under conditions of excess heterozygosity
(d) Simulated data generated under conditions of excess heterozygosity with
1% error rate and 5% missing data
(e) Simulated data generated under conditions of excess heterozygosity with
1% error rate and 5% missing data with tight double recombinations re-
moved
2. Method
(a) Pairwise estimation using est.rf() or est.rf.exHet(), where est.rf.exHet(h
= 0.5) is equal to est.rf()
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(b) Multipoint estimation with a hidden Markov model using est.map() and
a 1% error probability
3. Model
(a) Mendelian model (h = 0.5)
(b) Derived heterozygosity model, global h (h = 0.6373)
(c) Derive heterozygosity model, local h by linkage group (hetByLinkage-
Group=TRUE)
4. Generation Interval
(a) F7
(b) Fixed RIL (t→∞)
A.3.1 Tight double recombinations
Tight double recombinations, also referred to as short double crossovers (SDCOs)
in the provided code and results, are most often treated as genotyping errors. In
the sorghum mapping population dataset used in this paper, setting short double
crossovers smaller than 2 cM to missing removed 1.1% of the genotypes (37,299 out
of 3,407,539). When simulating genotyping errors, we used a 1% error rate. The
method we used to remove short double crossovers was sufficient to compensate
for a 1% error rate in the simulated dataset, such that both pairwise estimation (i.e.
using est.rf.exHet()) and multipoint estimation using the HMM (i.e. using est.map())
provided comparable results between (i) the simulated data with 1% error rate with
tight double recombinations removed and (ii) the simulated data without error. The
method we used to remove tight double recombinations is provided as a Python script
at https://github.com/MulletLab/exHet_Supplement.
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A.3.2 Error probability in the hidden Markov model
The results from map estimation using a hidden Markov model (HMM) as im-
plemented in R/qtl’s est.map() function on the simulated datasets and the sorghum
mapping population showed that the HMM methodology handled the error rate ef-
fectively in the simulated data, compensating for the 1% error rate in the simulated
data and yielding very similar results whether or not tight double recombinations
were removed (though still giving expanded maps since the underlying genetic model
assumed h = 0.5). However, the HMM multipoint methodology yields very different
results between the sorghum mapping dataset with and without tight double recom-
binations removed. Both the multipoint and the pairwise give grossly inflated maps
if tight double recombinations are not removed (> 3000 cM), and give comparable
results once tight double crossovers are removed (around 1600 cM). This suggests
that the random errors introduced in the simulation were not representative of the
errors in sorghum mapping dataset.
A.3.3 F7 versus fixed RIL (t→∞)
Removal of all heterozygous genotypes (e.g. treating the map as a fixed RIL) re-
duces the map size for both the simulated and real datasets (under both pairwise and
multipoint methods). This is expected since the removal of heterozygous genotypes
effectively removes recombination events; in the case of our real dataset this omits
6.7% of the genotypes, or 224,437 genotype calls. For the simulated dataset, the
estimated map is still larger than the simulated linkage group since the underlying
genetic model does not account for the excess heterozygosity. Unlike the simulated
dataset, the multipoint method (i.e. est.map()) yields very different results between
treating the real data as an F7 and as a fixed RIL, especially if tight double recom-
binants are not removed. We suspect that this may be a consequence of the error
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modeled by the HMM not being representative of how the error exists in the read
data.
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Figure A.3: Heterozygosity distribution in sorghum F7 mapping popu-
lation. (A) A rough assessment of the distribution of (excess) heterozygosity of
the markers used to genotype the sorghum mapping population shows that most
markers display more heterozygosity than expected under Mendelian assumptions of
segregation (depicted by a red dashed line). The histogram also shows the average
excess heterozygosity (depicted by a purple dashed line) that was used to estimate
recombination in the RIL. Quantile-Quantile (Q-Q) plots compare the heterozygosity
distributions against (B) a uniform distribution and (C) a normal distribution. By
plotting sample quantiles against theoretical quantiles for the distributions, it can
be argued that the excess heterozygosity appears to be more normally distributed
than it is uniformly distributed.
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Figure A.4: Heterozygosity on chromosome 2. Dot plot of the proportion of
heterozygous genotypes vs the physical base pair position of markers on chromosome
2 illustrates the variability of heterozygosity observed in regions of the genome.
Figure A.5: Screenshot of spreadsheet containing map estimation results
for the sorghum mapping population and simulated data with different
models and methods. This spreadsheet is provided as a .ods and a .xlsx file at
https://github.com/MulletLab/exHet_Supplement and a description of its results
are here in the Supplemental Information text.
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APPENDIX B
SUPPLEMENTARY MATERIAL FOR HARNESSING GENETIC VARIATION
IN LEAF ANGLE TO INCREASE PRODUCTIVITY OF SORGHUM BICOLOR
1
B.1 Extended materials and methods
B.1.1 Calculation of the light extinction coefficient, k.
Light interception throughout crop canopies is often formalized as an extinction
coefficient, k (as derived in Beer-Lambert’s Law), that relates the attenuation of light
with properties of the material through which the light travels (Monteith and Moss,
1977; Monsi and Saeki, 2005; Nobel, 1999; Long et al., 2006). Here, we describe
adoption of Beer-Lambert equations in the context of solar radiation attenuation
through a sorghum canopy to characterize and compare the distribution of light in
simulated and field grown sorghum canopies with differing leaf inclination angles.
Let I(x) be the intensity, power per unit area, of radiation from the sunlight at
depth x down the canopy. For any given time at a plane above the canopy, x = 0,
the intensity of radiation from the sun is at its maximum as no radiation has been
intercepted, I(0) = maxx I(x). A sequence of planes, parallel to the ground, moving
from the top, x = 0, down to the ground level of the canopy will have decreasing
amounts of transmitted radiation, as each plane in the canopy intercepts a portion of
the radiation. As such, the rate of radiation or light extinction when moving down
1Reprinted with permission from “Harnessing genetic variation in leaf angle to increase produc-
tivity of Sorghum bicolor” by Truong, SK, McCormick, RF, Rooney, WL, and Mullet, JE, (2015)
Genetics 201(3) 1229-1238, Copyright ©2015 by the Genetics Society of America.
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the canopy, dI
dx
, can be represented as
[h!]h =
dI
dx
= kI(x) (B.1)
where k is a dimensionless variable that represents the proportion of radiation inter-
cepted at depth x down the canopy. By integration of Equation 2.1 and the initial
condition I(0) = I0,
[h!]I(x) = I0 exp−kx (B.2)
Thus given data, xn, I(xn)
N
n=1, that can be reasonably described by Equation B.2,
we can find light extinction coefficient, k, and use this as a descriptor for the distri-
bution of light down a sorghum canopy. We defined I0, the top of canopy, to be the
plane immediately below the whorls of plants in the canopy. We distinguish between
two groups of leaves in a sorghum canopy: (i) the whorl, the top of the plant from
which leaves emerge, (ii) and leaves that are fully expanded below the whorl. The
whorl contains leaves that are essentially in the same plane, whereas fully expanded
leaves share less planes with other leaves above and below it. We found better fits
to light data when fitting data just below the whorl to find the light extinction coef-
ficient, k, however the relative relationship between small and large leaf inclinations
angles remained regardless of where we defined the top of the canopy. The next
sections will describe the method used to collect the data in both simulated and
field experiments to estimate light extinction coefficients, ks. Specifically, k values
for simulated and experimental data were solved for by the Levenberg-Marquardt
algorithm for non-linear least-squares as implemented in the open source software
SciPy’s scipy.optimize.curve fit() function (Jones 2001).
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B.1.2 Virtual sorghum canopies.
In order to calculate theoretical ks we constructed functional-structural plant
models of sorghum and collected depth and incident light data, xn, I(xn)
N
n=1, in simu-
lated light environments. The 3-dimensional virtual sorghum plants were constructed
using Lindenmeyer systems in L-py (Boudon et al., 2012). Lindenmeyer-systems
provide a set of production rules whereby plant structural models are produced by
recursion through phytomers (Prusinkiewicz et al., 2012). As such, virtual sorghum
was constructed from phytomers, characterized by a stem and a leaf that emerges on
top of one other. Thus each sorghum plant has a set of phytomers p = p1, p2, ..., pN
where p1 is the first phytomer to emerge and closest to the bottom and pN is the
last fully emerged phytomer at the top of the plant; only the colored phytomers
are considered to calculate k (Figure 2a). These virtual plants were then replicated
to simulate sorghum plots that have typical row spacing of 0.76 m and planting
density of 13.2 plants/m2. Since the phytomers appear one on top of another and
are uniformly distanced from the ground in the virtual environment, fully emerged
phytomers, pi, are used as depth measurements in the virtual sorghum canopies.
When the simulated sorghum genotypes varied in the number of the phytomers (and
consequently height) as they did when simulating plants with the characteristics of
RIL 63 and RIL 73 of the R07018 x R07020 recombinant inbred line population, the
height difference was accounted for by scaling depth to be a percentage depth, such
that xn=100pnpN . The qualitative relationship of the rates of extinction between
canopies with large and small leaf angles remains the same whether or not scaling is
performed; scaling height just removes an unnecessary complexity.
The virtual canopies were then illuminated by the nested radiosity model as
implemented in CARIBU (Chelle and Andrieu, 1998; Chelle et al., 2004) given light
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input that reflected solar conditions in College Station, TX (data retrieved from The
United States Naval Observatory). The illuminated sorghum canopies could then be
visualized (see Supporting Information for a .gif time course of lighting over a day).
The nested radiosity model enables the estimation of absorbed energy or irradiance
of each phytomer. Construction and lighting of the virtual canopies were all done
within the open source software OpenAlea v1.0 that integrates L-py and Caribu,
among other functional-structural modeling tools (Pradal et al., 2008). Let Eabs(pn)
be the energy absorbed by phytomer n, pn. Then to extract the amount of energy
or incident light available, I(xn), at xn
[h!]I(xn) =
N∑
i=1
Eabs(pi)−
N∑
i=n
Eabs(pi). (B.3)
With Equation B.2 and pn defined, this provides data, xn, I(xn)
N
n=1, to fit to Equa-
tion B.2 in order to estimate ks for virtual sorghum canopies. Input files and scripts
to reproduce virtual sorghum canopies used here are accessible on GitHub (see Sup-
plemental Information).
B.1.3 Field experimental sorghum canopies.
To collect incident light data at different depths in the sorghum canopies, two lifts
for PAR meters were used to take simultaneous readings in two plots of sorghum.
Each of the two plots contained four rows of the same genotype, where the two
genotypes varied in their leaf inclination angle. Two sorghum recombinant inbred
lines, RIL 63 and RIL 73, were identified as RILs that had varying inclination angles
under genetic regulation when QTL mapping was performed in a RIL population
generated from a biparental cross of the energy sorghum lines R07018 and R07020
(Bartek et al., 2012). These two genotypes were then planted in 4 row plots with
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row spacing of 0.76 m2 and planting density of 13.2 plants/m2 in College Station,
TX fields (W 96 20, N 30 37).
The consistent depths at which incident sunlight was captured in the canopies
were ensured by using two pulley systems that were individually manned. Figure S3
shows the pulley and the PAR meters, LP-80 from Decagon Devices. The platforms
holding the LP-80 were raised and lowered in increments of 1 ft (0.3048 m) that were
marked on the pulley string to guide the depth in canopy where n are the depth
measurements that the PAR meter is n ft from ground, n = 1, ..., 14. The genotypes
were different heights at the time of measurement, during their vegetative stage;
percentages of depth with respect to height of genotype, hgenotype, in the canopies
are used such that xn = 100
n
hgenotype
. The rates of extinction for large and small leaf
angle canopies remained the same whether or not depth was scaled, so depth was
scaled to remove complexity. One set of readings represents the depths measured
from top to bottom or bottom to top by the operators. To mitigate operational biases,
the operators, PAR meters, and pulley systems were often swapped between plots.
Lastly, consistency of external light conditions between the plots were maintained by
using the two PAR meters and coordination between the operators so that the same
depths were assayed simultaneously in both plots. Two of the sets of data, those
taken on July 25th, were taken after the plots had been thinned to a lesser density;
the change in plot density increased the amount of PAR available at lower levels in
the canopy, but did not change the relative trend of light extinction (Table B.1).
The platform and pulley mechanism was designed to reduce interference with
the 0.865 m probe that contains 80 PAR sensors and was used in between the two
middle rows of the 4 row plots. The instrument was set to log PAR data, I(t),
automatically at 1 minute intervals, and 3 minutes were spent at each level in the
canopy and recorded to ensure that at least two data points were captured at each
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level in the canopy. It took users manning the instruments different amounts of
time to move the platform to the next level, and so data for the 3 minutes at each
level began when both platforms were at the prescribed depth and cloud cover was
absent. Light interception in the two plots was simultaneously assayed to ensure
that the amount of available sunlight, I0, was similar. Light intercepted at a given
depth was taken as the average of logged PAR measurements that were available
in the 3 minute windows. Let the 3 minute interval at depth xn be (t0, tT )n, then
I(xn) = averaget∈(t0,tT )nI(t). All plot and plant measurements along with raw depth
from the experimental field data and subsequent scaling employed and their fits to
Equation B.2 are available in Files SI.
Table B.1: Light distribution in canopies of RIL 63 and RIL 73. k is calculated
with and without scaling depth (height) and scaled depth; the qualitative relationship
of ks between RIL 63 (small angles) and RIL 73 (large angles) remain the same. Data
was retrieved in July 2014 on the given dates in College Station, TX.“*” denote
datasets where RIL 63 was measured by LP-80 #2 and RIL 73 data was measured
by LP-80 #1. The LP-80s were switched at other times.
Height Scaled depth
Time of acquisition RIL 73 (large) RIL 63 (small) RIL 73 (large) RIL 63 (small)
July 22nd at 1400* 0.641993 0.426493 0.065483 0.054250
July 22nd at 1530* 1.245529 0.392925 0.127043 0.050097
July 23rd at 1440 0.576724 0.295480 0.060556 0.038412
July 24th at 1240 0.325723 0.332027 0.034201 0.043828
July 24th at 1350 0.389599 0.297924 0.040908 0.040220
July 25th at 1220* 0.374110 0.131663 0.038159 0.017116
July 25th at 1400* 0.395254 0.210151 0.040316 0.031041
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B.2 Files SI
B.2.1 Additional supporting folders and files
Additional Supporting Folders and Files is available on https://github.com/
mulletlab/leafangle_supplement/.
For a detailed work-through of virtual sorghum analysis, custom scripts, .lpy
files, and associated parameters are in folder v sorghum. Data pertaining to field
experiments of RIL 63 and RIL 73, and analysis to find ks are in folder exp fields.
Specific parameters and additional information for the PCR amplification of dw3 or
Dw3 are in folder dw3. Genotypes, phenotypes, correlation of phenotypes, genetic
linkage maps, heritability calculations and statistics, and multiple QTL mapping
penalized LOD scores for each phenotype and the statistics on QTL models presented
are in folder h2 and qtl.
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Figure B.1: dw3 regulates leaf inclination angle. (A) Phenotypes of Dw3
revertants (r; filled circles) and non-revertants (1, 2, 3; open circles) of RILs of
BTx623 x IS3620C (B) Genotypes of revertants and non-revertants of RILs at the
dw3 locus generated using primers designed by (Barrero Farfan et al., 2012) that
flank the 882 bp tandem repeat that makes dw3 non-functional. Unequal crossing
over at dw3 causes reversion. (C) Tall revertants in the row with short non-revertants
were identified and genotyped (A and B) in the fields in College Station, TX. (D)
This diagram shows the dw3 non-functional allele with tandem repeats on exon V as
two gray boxes. Unequal crossing over during meiosis results in a revertant functional
Dw3 and a non-functional dw3 with three copies of the 882 bp sequence.
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Figure B.2: Lift for LP-80 PAR meter. (A) Image of the PAR meter lift used
for collection of light measurements within canopies. (B) Images of the lift and PAR
meter in preparation and in the sorghum canopy. There are views of the wooden
platform that the LP-80 sits on and the PAR meter that takes measurements in the
canopy. There is also an image of both lifts, where the one on the left has its metal
poles extended to 10 ft and the one the right has poles extended to 15 ft.
Figure B.3: dwarf-3 genotypes of the bi-parental mapping populations.
BTx623, IS3620C, R07018, and R07020 were genotyped at the dw3 locus generated
using primers designed by (Barrero Farfan et al., 2012) that flank the 882 bp tandem
repeat that makes dw3 non-functional. BTx623 has non-functional dw3 alleles, while
IS3620C, R07018, and R07020 have functional Dw3 alleles.
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Figure B.4: R07018 x R07020 RIL 63 & RIL 73 phenotypes. The boxplots
show phenotype data from ten sorghum plants of RIL 63 (blue) and RIL 73 (orange)
that were grown in 4-row plots in College Station, TX fields. On the left are mea-
surements by phytomer, where phytomer 1 is at the top of the plant and corresponds
to the phytomer with the most recent fully expanded leaf. On the right are measure-
ments of the two genotypes. Leaf chlorophyll (SPAD) was also characterized: RIL
63 with 41.3±.5 nmol/cm2 and RIL 73 with 44.7±4.0 nmol/cm2.
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Figure B.5: Leaf inclination angle regulates light distribution in canopies.
(A) Images of RIL 63 and RIL 73 bioenergy sorghum plants (same as in Figure 2
of the main text). (B) Reducing the height of RIL 63 to be the same height as RIL
73 was done by decreasing the number of phytomers. The resulting k of RIL 63
remains smaller than RIL 73 in solar conditions representative of College Station,
TX on July 22, 2014 at 15:30. While the qualitative relationship between k values of
these plants remains unchanged with respect to height, the change in k that occurs
when shortening a plant with RIL 63 angles indicates that height also plays a role
in light distribution.
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APPENDIX C
SUPPLEMENTARY MATERIAL FOR BIOENERGY SORGHUM CROP
MODEL PREDICTS VPD-LIMITED TRANSPIRATION TRAITS ENHANCE
BIOMASS YIELD IN WATER-LIMITED ENVIRONMENTS1
C.1 VPD-limited transpiration in simulated water-environments
The VPD-limited transpiration trait model was evaluated in simulated terminal-
drought and well-watered environments for its duration in the vegetative stage in
order to examine the trade-offs dependent on water in this relatively long develop-
mental stage. Energy sorghum canopy closure occurs ∼75 days after emergence and
remains closed until harvest when the crop has sufficient water supply to maintain an
LAI ¿ 4 (∼200 days; Figure 4.1 and Figure C.3). Therefore, modeling was initially
used to observe the effects of the five m2 values on biomass accumulation during
the summer in College Station, Texas, at a developmental stage where all genotypes
have closed canopies (LAI > 4). To aid examination of the impact of variation in m2,
the VPD-limited transpiration trait was induced after canopies had fully developed
under fully irrigated conditions so that all genotypes modeled were equivalent until
the point of trait induction. After the trait was induced, no additional water was
provided to simulate a terminal-drought condition and to observe differences in how
the genotypes utilized water in the soil profile in the absence of additional irrigation
or rainfall (Figure 4.4C-E). This analysis shows that the rate of biomass accumula-
tion per day declines as m2 decreases and the total biomass accumulated increases
due to increased transpiration efficiency, resulting in an increase in water use effi-
1Submitted manuscript “Bioenergy sorghum crop model predicts VPD-limited transpiration
traits enhance biomass yield in water-limited environments” by Truong, SK, McCormick, RF, and
Mullet, JE (2017) Copyright ©2017
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ciency (Figure 4.6C, E). This trade-off occurs because the VPD-limited transpiration
trait shifts plant water utilization and biomass accumulation to times of day with
lower VPD where transpiration efficiency, TEc
vpd(t)
, is higher. The simulated genotype
lacking a vpdBP accumulated biomass the most rapidly and used 90% of the water
available for biomass accumulation within ∼13 days. In contrast, the genotype with
the most restricted transpiration rate at VPD higher than the breakpoint accumu-
lated biomass most slowly, using 90% of the available water in the soil profile in ∼44
days. The restriction of water uptake and use to times of the day when transpiration
efficiency was higher resulted in more biomass accumulated under water-limited con-
ditions. A comparison of genotypes with the most extreme m2 parameters evaluated
(m2=-12.49, 20.26) illustrates this response. Plants where m2=-12.49 take ∼30 days
longer to utilize available water in the soil profile, accumulate an additional 1.235
kg m−2, approximately 32% more than plants lacking a vpdBP , m2=20.26, which
accumulate an additional 0.937 kg m−2 after irrigation stops (Figure 4.4C). The ad-
ditional gain associated with an m2=-12.49 during the simulated terminal-drought
resulted in an overall biomass increase of 18% relative to the plants lacking a vpdBP .
Moreover, leaf senescence occurs in sorghum when water limiting conditions induce
water stress, which physically reduces transpirational surface area (Blum, 2004). The
model includes a water deficit induced leaf senescence response, therefore decreases
in LAI occur most rapidly in in genotypes with large m2 (Figure 4.6D). In con-
trast to the terminal-drought condition, the VPD-limited transpiration trait has a
negative impact on biomass accumulation under water sufficient conditions (Figure
4.6F-H). To assess this potential loss of biomass, the impact of the VPD-limited
transpiration trait was modeled by activating the response following canopy closure
as described above in the simulated terminal-drought, except in in a well-watered
condition. The results show that under well-watered conditions, genotypes that have
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the VPD-limited transpiration trait accumulated less biomass, and this impact was
greatest on genotypes with the most negative breakpoints (i.e. m2=-12.49) (Figure
4.6F-H). These results indicate that utilization of the VPD-limited transpiration trait
in breeding and deployment of genotypes that express the trait need to be optimized
for target environments, and modeling represents a means to identify these optima
for further testing.
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Figure C.1: Growth simulations of energy sorghum agree with field data for
2009 under the limited irrigation regime. (A) Predicted biomass accumulation
given 2009 environmental conditions under limited irrigation regime falls within the
margin of measurement error by the end of the season, (B) Simulated water profile
discretized as multiple soil layers. Plotting descriptors are provided in panel C,
and experimental data are plotted showing means and error bars representing one
standard deviation where available (Olson et al., 2012).
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Figure C.2: Energy sorghum biomass accumulation from 2000-2014 crop-
ping seasons simulated in College Station, TX, with water supply regimes
of unlimited irrigation and only rainfed. (A-D) Growth simulation of plants
with no vpdBP (m1 = m2) are plotted with continuous colored lines that correspond
to their m1 ∈{6.62, 20.26, 56.3, 200}. (C, F) Cumulative biomass, (D, G) leaf area
index (LAI), and (E, H) extractable soil water are plotted as the means and 98%
confidence intervals estimated with 50,000 bootstraps for the respective rain-fed and
unlimited irrigation conditions.
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Figure C.3: Predictions of biomass accumulation by bioenergy sorghum
with VPD-limited transpiration traits grown in rain fed cropping condi-
tions of College Station, TX, 2000 2014 against days after sowing (DAS).
(A, B) Diagram of the parameters of VPD-limited transpiration, with variation of
transpiration rate after VPD breakpoint, vpdBP , of 1.17 kPA (representative of the
BQL41 genotype); m2 ∈{20.26, 7.27, 0,-6.1, -12.49}. (C-G) The simulations start
with a fully saturated water profile at DAS 0. Light bands are 98% confidence in-
terval bands from 50,000 bootstraps. (C) Zoomed in biomass accumulation for DAS
190 200 of panel D. Simulations of (D) biomass (E) LAI and (F) extractable soil
water are plotted against DAS 0 200.
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Figure C.4: Performance of VPD-limited transpiration in low and high
yielding rain-fed cropping environments. (A) Boxplots show the biomass dif-
ference between genotypes with a VPD-limited transpiration trait and the genotype
that lacks a vpdBP (m2=20.26). The notches represent the 95% confidence interval
of the median, and the red boxes are the respective group means. These statistics
are plotted against end biomass accumulated (DAS 200) by the genotype that lacks
a vpdBP , where the low and high yielding environments are defined as above and
below 2.0 kg m−2. (B) Boxplots of average biomass yields for plants that lack a
vpdBP in low and high yielding environments.
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Figure C.5: Performance of VPD-limited transpiration determined by
canopy maintenance. (A) Boxplots show the biomass difference between geno-
types with a VPD-limited transpiration trait and the genotype that lacks a vpdBP
(m2=20.26). The notches represent the 95% confidence interval of the median, and
the red boxes are the respective group means. These statistics are plotted against
end biomass accumulated (DAS 200) by the genotype that lacks a vpdBP , where the
vertical sets of plots are separated by the condition that in the latter half of the
cropping season. For each year, for each pairwise comparison between a genotype
with and without a vpdBP , and for each day in the latter half of the cropping season
(≥100 DAS), if the canopy of genotype lacking a vpdBP senesced (¡0.5 LAI) and the
genotype with a vpdBP maintained a larger canopy, then VPD-limited transpiration
genotype (with a vpdBP ) was predicted to outperform the genotype lacking a vpdBP .
(B) LAI is plotted as averages of the conditions met and the more transparent range
contains 75% of the data.
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Figure C.6: Predictions of biomass accumulation by bioenergy sorghum
with VPD-limited transpiration traits grown in simulated terminal
drought and well-watered environments. (A) Diagram of the parameters of
VPD-limited transpiration, with (B) variation of transpiration rate response to VPD
after VPD breakpoint, vpdBP , of 1.17 kPA (representative of the BQL41 genotype);
m2 ∈{20.26, 7.27, 0,-6.1, -12.49}. Simulations of crop physiology where the VPD-
limited transpiration trait is induced on day 75 (after sowing; day 0 after canopy
closure, LAI ¿ 4) with a fully saturated water profile. The divergence of the VPD-
limited transpiration plants illustrates the rate and efficiency of water use of the
different responses to VPD. (C) Biomass accumulated, (D) leaf area index (LAI),
and (E) extractable soil water in simulated terminal-drought after canopy closure.
(F) Biomass accumulated, (G) LAI, and (H) extractable soil water in simulated
well-watered conditions.
134
Table C.1: Environmental data and end biomass of energy sorghum that
vary in their m2 simulations in the rain-fed cropping environments of
College Station, TX. The table gives data for all years evaluated (2000 2014),
as well as further separation to low-yielding (2000, 2005, 2009, 2011 2013) and
high-yielding (2001 2004, 2006 2008, 2010, 2014) years that are determined by the
drought condition in Figure 5. The VPD-limited transpiration parameters that are
fixed here reflect that of BQL41 genotype (m1=20.26; vpdBP=1.17 ).
Years End biomass Daily VPD Yearly rain m2 Difference in end biomass:
of no vpdBP m2 - no vpdBP
(yield) (kg m−2) (kPa) (cm) (mg H2O m−2 s−1 kPa−1) (kg m−2) (%)
2000-2014 2.31 ± 0.74 3.68 ± 0.41 56 ± 18
7.27 - 0.03±0.04 - 1.34
0 - 0.02±0.12 - 0.74
- 6.1 + 0.04±0.26 1.66
-12.49 - 0.06±0.35 - 2.42
2000,
1.50 ± 0.24 4.03 ± 0.34 43 ± 17
7.27 - 0.01±0.02 - 0.96
2005, 0 + 0.07±0.12 4.72
2009, - 6.1 + 0.26±0.29 17.11
2011-2013 -12.49 + 0.30±0.12 19.64
2001-2004,
2.85 ± 0.39 3.44 ± 0.23 65 ± 13
7.27 - 0.04±0.04 - 1.47
2006-2008, 0 - 0.08±0.07 - 2.65
2010, - 6.1 - 0.12±0.07 - 3.77
2014 -12.49 - 0.29±0.24 - 10.17
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